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Abstract 
Understanding traveller’s behavioural changes in times of natural disasters is  key when 
identifying methods to efficiently and effectively manage transport networks in times of 
disaster, specially during a flood event. 
This study uses the 2011 Brisbane flood as a case study toinvestigate which factors 
impact selection of transport modes during natural disasters.Respondents’ perceptions of the 
importance of factors such as travel time, safety, convenience  and cost (before, during, and 
after the flood) including socio-demographics were modelled using fixed-effects logistic 
regression.  
It is commonly identified within the literature that there are critical gaps in 
understandings of factors impacting respondents’ travel mode preferences, especially when they 
are faced with floods, which this research addresses such gaps. The study investigted two key 
socio-demographic factors – age and gender. The analysis identified age to have a significant 
impact on respondents’ selected mode of transport, whereas gender had minimal impact. When 
controlling for other factors, the most significant influencing factor for respondents’ primary 
transport mode choice during all stages of the flood event (before, during and after), was found 
to be convenience. Furthermore, no access to other available modes led respondents to 
mostly use their own private vehicles for daily transport from sources to destinations. 
Convenience was found have a significant negative impact on the possibility of choosing 
bus and train before and after flood.Notably, during the flood, respondents’ attention to 
safety factors increased. This measure decreased after the flood to approximately the same 
as before the flood. Overall, in comparison to other motivations, safety was not a significant 
factor in all periods. 
The likelihood of transport modal variations before,during and after the flood event 
was strongly correlated with socio-demographic factors, specifically age. Younger respondents 
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were found to have a stronger attachment to their original mode choice. A significant positive 
relation was found between travel time characteristics was during the flood compared to 
afterwards, affecting mode changes.Lastly, in the periods before and after the flood, levels of 
satisfaction with cost and expenses had a negative impact on transport mode change.  
 The proposed framework adopted within this research represents a significant 
innovation and contribution to knowledge to subject of transport mode choice in times of 
natural disaster. The results will lead to improved allocation of resources for investing in traffic 
and transport management improvements in the Australian transport network, as well as savings 
in travel time and budgets. 
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1Chapter 1: Introduction 
 
This chapter outlines the background (Section 1.1) of the research and the purposes 
(section 1.2 ) of this study of modes of transport and variations in the choices made by 
travellers in adverse weather conditions, specifically in times of flood. The contribution 
and significance of this research is described in Section 1.3, and fundamental questions 
and critical gaps in research are highlighted (Section 1.4). Finally, section 1.5 outlines 
the remaining chapters of the thesis. 
1.1 BACKGROUND 
Modes of transport which people use to transfer from their source to destination and 
reasons for using such modes play a vital role in everyday trip-making decisions and 
variations. Different reasons might be impacting people’s thinking about choice of 
transport mode, such as level of convenience, safety, travel time and expenses. In 
extreme environmental conditions, the role of available and accessible transport modes 
is crucial, because travelers often face great uncertainties on such occasions, and 
undoubtedly safety would be their main concern rather than comfort and decreasing 
their travel time or cost. The World Health Organization (WHO, 2002) explains a 
disaster as “a sudden ecological and technological phenomenon of enough scale to 
require external assistance”. Another way of defining disaster is as any occasion, 
normally occurring unexpectedly, that causes damage, loss of human life, deterioration 
of health and health services, and which exceeds the ability of the affected community 
on a scale necessary to require other communities’ assistance (Sena & Woldemichael, 
2006). An efficient and effective public transport network can reduce undesirable 
factors such as extra expenses and time consumption by providing suitable transport 
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mode choices. Optimisation of the distributed infrastructure network, however, is 
confronted with significant technical challenges originating from fundamental practical 
problems of budget and operations. During the evolution of infrastructure networks and 
public transport services, budget limitations and scarcity of resources have always been 
important constraints which have limited the priorities met. 
 However, a model for analysing people’s perceptions of preferred mode of 
transport at different times, especially during natural disasters, could improve our 
knowledge of public transport’s and road networks’ strengths and weaknesses.  
 Although there have been various studies of traffic flow in relation to adverse 
weather (Asamer & Reinthaler, 2010; Byun, 2009) many papers have focused on 
traffic speed and volume and congestion caused by precipitation, and travel/traffic 
behaviour modelling for evacuation in times of disaster. 
 Despite the fairly extensive methodological advances made during the past 
five decades, little attention has been paid to reviewing, questioning and possibly 
revising the underlying theoretical and empirical assumptions of transportation mode 
preferences during disasters. The following four sections review such underlying 
assumptions and present some of the associated fundamental gaps as a prior task for 
further elaboration of travel behaviour. This focus on the evolution of underlying 
theory and its influence on empirical work, as well as a reflection on remaining theory 
gaps, fills a gap in the literature. 
1.2 PURPOSES 
Given the abovementioned shortcomings in research and knowledge, the thesis will 
investigate fundamental gaps in the state of practice in order to identify the influence of 
disasters (floods in this case study) on people’s decision making about their 
traffic/travel behaviour. The overall aim of this project is to improve knowledge of the 
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impact of factors, including socio-demographics, on travellers’ preferred mode of 
travel, by addressing four fundamental gaps associated with the underlying theoretical 
assumptions. Many studies have investigated the optimal model for analysing 
evacuation and adapted traffic behaviour under harsh weather circumstances, and 
significant progress have been made. However, most of these studies have focused on 
evacuation in times of hurricane and very few have looked at traffic behaviour changes 
under such conditions (El-Shawarby et al, 2013; Rakha. et al., 2007) 
 Furthermore, although the importance of potential factors (such as travel time, 
safety, comfort and cost) on travel behaviour was suggested in some studies (such as G 
Barbaroso & gcaron., 2004), no studies have explicitly measured the empirical effect of 
such factors on transport mode variations and selections during floods, and their 
linkage to behavioural changes during a natural disaster. Hence, this study aims to 
address the abovementioned gaps and address the existing lack of knowledge in this 
respect. 
 The overall methodology is applied in a proactive framework for strategies to 
prevent predictable restrictions in urban and rural transport networks (both in terms of 
travel time and social costs). In doing so, the study will achieve the main and actual 
aim of the traffic management analysis, which is to optimise distribution of roads and 
public transport networks, by means of a methodology that can proactively detect with 
statistical certainty which factors can compromise and justify selected transport modes 
before, during and after floods. Accordingly, this study represents a significant 
innovation and knowledge contribution with substantial benefits to Australia and the 
rest of the world. 
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1.3 SIGNIFICANCE 
The proposed framework represents a significant innovation and contribution to 
knowledge that will lead to improved allocation of resources for investing in traffic and 
transport management improvements on the Australian transport network, and savings 
of associated travel times and budgets. An improvement in the ability to accurately 
analyse public transport networks and urban and rural network weakness and strengths 
and to detect them before any unpredicted emergency occasion is another highlight of 
this research. 
 Although addressing all the research gaps is not within the scope of this 
thesis, these gaps in the theory of transport mode preferences are identified in the 
literature review (Chapter 2). Approaches used in this study will help to identify where 
empirical methods (discussed in detail in the next chapter) have failed to match theory, 
where theory might be refined, and where additional research is critically needed. The 
scope of this research, however, is limited to addressing four important gaps: factors 
impacting on transport mode preference during natural disasters; the potential relation 
of these factors before, during and after the flood; and an optimised empirical model to 
distinguish these factors and their relationship in people’s selection and variation of 
transport modes. Four fundamental questions about the travellers’ behavioural patterns 
underlying the theoretical assumptions are raised to shed more light on the 
abovementioned gaps. 
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1.4 OBJECTIVES AND FUNDAMENTAL QUESTIONS 
1.4.1 Fundamental Question #1: Which model is optimal to model the data 
analysis of respondents’ traffic behaviour in response to adverse climate 
events? 
Once the information was collected from the participants for each survey, the data was 
modelled. The data was analysed using discrete choice models which can estimate 
travellers’ decision-making behaviours and assess the importance of each factor to the 
respondents. Multinomial and binomial models were developed using NLOGIT and 
STATA software. The analysis was explicitly modelled and investigated to obtain the 
optimised discrete model that reflects the main reasons for choosing specific modes of 
transport and address the correlation of changes in mode of transport before, during and 
after the disaster. It may be postulated that the potential relations between factors 
contributing to decision making suffer from restrictions in transport mode options. 
Thus, there exists a critical gap between theoretical developments of complex statistical 
models and empirical measures of applying such models in practice, and there is a 
fundamental need to investigate more informative measures of factors that influence 
transport mode choices via more enriched datasets. 
1.4.2 Fundamental Question #2: What factors affect people’s decision making 
regarding choice of transport mode in times of floods and disasters? 
Travel time, level of convenience, safety, cautionary characteristics, and expenses are 
among the causal factors which potentially correlate with people’s transport mode 
preferences. 
 Although the effects of various factors on transport mode selection have been 
recognised during the evolution of knowledge about distribution of urban road and 
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infrastructure networks, travel time characteristics have been the most favoured subject 
for investigation and traffic management (Qiao et al., 2012). 
 Numerous studies have explored evacuation plans and prediction factors in 
case of hurricane and floods; they have focused on drivers’ behaviour in terms of an 
extensive list of factors (Cools et al., 2010), but many other variables such as travellers’ 
behavioural changes and unobserved factors that affected people’s thinking have been 
crucially neglected. Measurement difficulty and lack of readily available data have 
been the main reasons for neglecting such factors in measuring behavioural adaptions 
and variations in travel in times of natural disasters. 
 Transport mode choices can be seen as outcomes of a combination of distinct 
causal factors. These factors may contribute in varying degrees to the choice of 
transport modes at different stages of disasters. 
1.4.3 Fundamental Question #3: Do socio-demographic features (such as gender 
and age) affect people’s choices of transport modes before, during and 
after floods? 
Numerous research studies have explored the influence of socio-demographic features 
on drivers’ behavioural reactions (for example, Sadri et al., 2013). A significant 
relation between socio-demographic features and decision making has been found 
(Zheng et al., 2015). Willingness to take risks generally decreases with age (see 
Dohmen et al., 2011). Moreover, during the flood season, because of unstable weather 
and road circumstances, precautionary factors strongly influence transport mode 
selection. More specifically, age and gender may be assumed to influence travellers’ 
behaviour. This study examines whether underlying socio-demographic aspects are 
contributing factors in travel mode choices and variations in times of flood. 
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Specifically, the relation between these factors and transport mode selection and 
change processes will be explicitly modelled and investigated.  
1.4.4 Fundamental Question #4: To what extent do people’s transport modes 
change in various periods of time such as before, during and after floods, 
and what is the relation between selected modes? 
Taking the 2011 Brisbane flood as a case study, this research explores residents’ 
various perceptions of the influence of the main causal factors on their selected mode 
of transport and adjustments to their travel behaviour at different stages of the flood. 
The relationships between the reasons behind people’s transport mode preferences and 
changes in travel mode and route are examined. Analysing behavioural and unobserved 
factors in addition to the current limitations in road and public transport networks (such 
as no access to any other available mode) contributes to a clearer understanding of 
transport mode variations in times of disaster and their predominant causal factors. 
1.5 THESIS OUTLINE 
The remainder of this thesis is organised as follows: Firstly, a thorough review of the 
literature is presented in seven sections: transportation methods and disasters; risk 
perception; models for evacuation plans in case of disasters; traffic flow; traffic 
management; and drivers’ behaviour in response to harsh weather. The aim of the next 
chapter is to identify the underlying assumptions and limitations in knowledge of this 
topic in the literature. The following chapter presents the framework of the research 
design and the proposed methodology in detail. The methodology includes the process 
for recruiting participants in the survey and the proposed model methods. The data 
requirements for the study are presented in demographic categories, including preferred 
modes of transport in different stages of the flood and the reasons for choosing these 
modes. The procedures for data collection and the associated Intellectual Property (IP) 
 Page 17 
© 2016 Amir Pourfarzad Page 17 
and ethical approval are presented. The last two chapters present the results of an 
analysis performed on the collected data, the conclusions that are drawn and how they 
answer the fundamental questions.  
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2Chapter 2:  Literature Review 
 
Although investigating traffic behaviour during episodes of calamity could be very 
beneficial, collection and analysis of data is not feasible on many occasions because 
of their random and sudden occurrence. For example, collecting data about 
different weather scenarios and influences on transportation modes and people’s 
decision making during traffic flow scheme variations is difficult due to the 
unpredictability of events. Furthermore, the hazardous characteristics of disasters 
and emergencies caused by storms, wind gusts and flood surges can be responsible 
for out of control effects, which are particularly challenging for studies that are 
focused on people’s reactions. Floods and storms usually leave people with massive 
power and communication disruptions, and it is almost impossible for researchers 
to obtain reliable and validated results (Agdas et al 2012). To complete a 
comprehensive study of research on this subject, selected topics are addressed, as 
shown in Figure 2.1. 
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Figure  2-1: Flowchart of study structure 
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2.1 TRANSPORTATION METHODS AND DISASTERS 
Natural disasters can destroy a country or region in few minutes. There are various 
types of natural disasters such as floods, earthquakes and cyclones which can have 
significant effects on transportation modes. During floods, transportation can be 
badly disrupted due to water accumulation on road making movement difficult. In 
earthquakes, roads get destroy as well as buildings that become a huge obstacle for 
traffic management. Cyclones can severely affect roads and traffic makes 
transportation difficult.  
All disasters seriously affect all transportation modes sea , air, road, rail and 
pipelines. Seas are the main source of connection between various routes and 
international borders and are affected by cyclones, tsunamis, floods and storms. 
All the above mention disasters contain heavy destruction. Disasters at sea 
can make ship movement difficult, which can be a severe blow to the country’s 
economy (Pomfret, 2014). Cargo shipments may not be delivered, interrupting 
supplies and commerce. Transportation through seas in harsh weather carries the 
risk of spilling liquids such as oil into the seas, which can adversely affect society 
and marine life (Elliot et al 2014). 
Air flights are a main means of connection between countries; natural 
disasters which endanger air travel include strong winds and thunderstorms. Flight 
operations of a country can be badly disturbed if any air disaster arises, and may 
mean people are stranded in a country (Matthewman, 2015). Numerous business 
orders will be cancelled if air operations are halted. An effect of harsh weather and 
climatic change can be cancellations of air ambulance operations, putting numerous 
patients’ lives in danger. The whole airport may be shut down, which will cause 
financial loss for the airlines as well as the country (Graham, 2013). 
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Roads are one of the oldest and most common ways of travelling and are 
affected by all harsh weather conditions. Roads enable people to meet and lower 
barriers between individuals and communities. Flooding can make it difficult or 
impossible for traffic to move (Ingram, 2014). If roads are destroyed by floods, 
people will be unable to connect with other areas and lose their access to 
workplaces, schools, services and shops. Rescue operations can are difficult in 
times of flood (Kamatt, 2015). 
 Railways are important routes for transportation. Flooding on railway tracks 
disrupts travel for commuters and can cause havoc for the economy of a country 
because many businesses use rail transport to move their goods and cargos from 
one place to another. Railways are often used to carry coals and other minerals. 
Failure to move cargos on time may stop production and trade, which will affect 
industry at national and international levels.  
Pipelines are mainly used for transporting gases and oils, which is a very 
risky and sensitive issue (Guzman and Asgari, 2014). There may be dangerous 
consequences if pipelines are destroyed by natural disasters such as floods or 
earthquakes. If pipelines get are broken, residents and industry in affected regions 
will not get oil or gas to meet their basic necessities of life and to fuel commercial 
operations.  
2.2 DISASTER AND RISK PERCEPTION 
The way people perceive risk and unexpected events and to what extent disasters 
and risks affect their behaviour compared to normal circumstances is an important 
topic. Perceptions of and attitudes towards disaster adversely affect all 
transportation. Research has focused on how accurately people recognise high wind 
speeds and perceive the risks. In a study by (Agdas and Webster, 2012) responses 
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to questionnaires showed that respondents were able to estimate wind speeds more 
accurately at lower levels, but overestimated wind speeds at higher levels. Data was 
gathered by using multilevel modelling. The strong association between actual 
wind speeds and risk perception was mediated by perceptions of the speed of wind 
(Agdas et al., 2012). 
During the past decade, many researchers have attempted to assess whether prior 
storm experience moderates the perception of risk (Ames et al., 1987). (Webster et 
al., 2013) conducted a study which investigated people’s perceptions of risk for 
moving water at various speeds and depths. They concluded by multi-level 
modelling that participants overestimated water speeds when actual water speeds 
increased or when which water depths increased. 
(Meyer et al., 2013) studied preparation decisions for hurricane threats using 
a dynamic laboratory simulation. Participants were able to gather storm information 
from the media by using Storm-view or by listening to neighbours’ assessments. 
Results were analysed to see how they perceived the risk associated with hazardous 
environmental circumstances and the need for protective measures. Two field 
studies and risk observations and preparation policies for two hurricanes were used 
to analyse the assessments and perceptions of coastal occupants. 
When people are asked to explain and estimate hazardous events and what 
decisions they would make in response, risk perception plays a significant role. A 
study by (Kinateder et al., 2015) targeted risk analysis and policy-making to 
provide a foundation for understanding and predicting public responses to hazards.  
 The way people perceive risk and unexpected events and to what extent 
disasters and risks affect their behaviour compared to normal circumstances is an 
important topic. Billi et al. (2015) have published a study on disaster prevention 
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and preparedness. They discussed the nature of disasters, disasters in Ethiopia, 
disaster management, the consequences of disaster and the factors leading to 
disasters. The term disaster has various definitions. The World Health Organization 
(WHO, 2002) defines a disaster as “a sudden ecological phenomenon of enough 
magnitude to require external assistance.” It is also described as any occasion, 
characteristically happening unexpectedly, that may cause ecological destruction, 
human life fatalities, damage to health and health services, and which exceeds the 
ability of the affected society to cope, on a large enough scale to require outside 
support and assistance(United Nations. Secretary-General, 2005) 
 Kellens et al. (2013) have conducted a study on perception and 
communication of flood risks, which revealed that have been almost no theoretical 
and empirical studies on flood risk communication and this topic is not well 
characterised. Meyer et al. (2014) discussed the possible causes of prejudices and 
the need to address hurricane-warning communications. Their work confirms the 
findings of Leonard et al. (2008) and others that communities need to work to 
develop stronger sets of decision defaults that reduce the uncertainty that typically 
accompanies individual decisions about when and how much to prepare. 
 Based on studies of flood risk perception and communication, suggestions 
have been made to improve flood risk communication (Bradford et al., 2012 & 
Kellens et al., 2013). Risk perception can be characterised as a combination of 
awareness, worry and preparedness. It is generally understood that awareness is 
improved by previous flood experience (Bradford et al., 2012). As mentioned 
above, we can use information collected from experienced flood victims as a 
resource in flood risk communication; local information and appropriate activities 
in times of flood that recognize safe pathways can be provided in disaster plans.  
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  Stanojevic et al. (2013) conducted a case study comparing two districts, one 
with traffic enforcement and one without it, to explore the impact of enforcement 
on drivers behaviour and attitude. Almost every type of behaviour observed was 
affected in the case of lack of enforcement. Drivers in the region without 
enforcement drove faster and more often exceeded speed limits compared with 
drivers in the regulated zone. Enforcement of traffic regulations plays an important 
role in increasing traffic safety and reducing accidents.  
2.3 EVACUATION IN CASES OF DISASTER 
Evacuation in disaster zones is one of the main ways to minimise losses. By 
evacuation, death tolls can be reduced, but it is mandatory to find an alternative safe 
place for those people who are being evacuated so that trauma and panic can be 
avoided (Gordan, 2015). Evacuation also assists rescue operations to carry out their 
work without chaos. Air rescue operations will not be much help in these situations 
because they will be limited and will not have access to all the affected points. The 
team of experts and concerned officials need to be well prepared and skilled to 
carry out the operation efficiently and as quickly as possible.  
Evacuation cannot be done at the same time as the disaster, therefore 
concerned authorities should have contingency plans with preventive measures 
(Lindell, 2013). In Lindell et al.’s study, the evacuation method included a 
structural algorithm of traffic flow responsibilities for each intersection in order to 
improve the chances of delivering a flow of traffic in the evacuation zone to a safe 
point. A reaction signal was introduced using real-time information to update and 
alter the plan of evacuation. The results from the simulated trial show that the 
model and algorithm are capable of responding adequately in times of evacuation. 
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To improve event response capabilities for urban traffic schemes, save 
rescue time and lessen asset damages and failures, a scientific and effective 
emergency evacuation plan is essential (Chen and Xiao, 2008). To overcome 
evacuation planning difficulties, it is necessary to improve the structure of 
evacuation methods and network distribution for all road intersections. The 
algorithm for the structure of the evacuation method and algorithm for traffic flow 
obligations at each junction can be employed to deliver traffic flow in the 
evacuation zone to a secure district quickly and safely. Feedback is introduced in 
the performance using real-time data to modify and update the evacuation plan. The 
simulation results demonstrated that the applied model and algorithm can be 
efficiently adopted in an emergency evacuation (Chen and Xiao, 2008). 
Li et al. (2014) investigated how to comprehensively optimise major 
emergency evacuation routes and departure times, testing an evacuation 
propagation instrument under traffic control. They first created a complete 
optimisation model with two main features, the simulation of evacuation routes and 
departure times. Additionally, the method of describing evacuation traffic flow 
extensions under traffic control was investigated. The method includes the 
establishment of a traffic flow propagation model and the design of a module to 
simulate the evacuation traffic flow. Finally, they used an experiential algorithm for 
the optimisation of this comprehensive model. They selected some areas for an 
experimental analysis, based on the following assumptions: 
 The traffic volume (or the number of vehicles) at evacuation base that need to be 
evacuated to the end point is recognised; 
 The traffic volume was assumed to be 0 the first time in the road network; 
 In the network during the evacuation period there would be only evacuation, and 
rescue traffic flow, and evacuation traffic flow is completely separated from the 
rescue traffic flow by traffic control.  
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Li et al. (2014) successfully suggested an experimental algorithm for the 
optimisation of this comprehensive model.  
Aligned with evacuation models, some papers on modelling industrial site 
evacuation plans were reviewed. Georgiadou et al. (2007) constructed a model 
providing the temporal and spatial concentration of the population under evacuation 
around a main hazard region. The zone surrounding the dangerous facility was 
distributed into nodes connected among themselves with lines which showed the 
road network structure of the area (Simonovic, 2011) The spatial and time-based 
distribution of the evacuated population on the basis of a prearranged optimal 
evacuation route was not practical with the suggested model.  
Chiu et al. (2007) discuss modelling a no-notice evacuation of population 
using a dynamic traffic flow optimisation model. The research focuses on 
expressing the joint evacuation destination–route-flow-departure (JEDRFD) 
difficulty of a no-notice evacuation of residents within an optimal dynamic 
evacuation scheme. The benefit of the JEDRFD compared to other studied models 
was that the multi-dimensional features of mass evacuation were discussed. The 
capability of the suggested model to merge either with simulation-based or 
analytical DTA (Dynamic Traffic Assignment) is another highlight which can be 
applied to a wide range of evacuation plans. This study successfully formulates 
optimal evacuation destinations, traffic obligations and evacuation departure 
timetable choices all in one model. 
EVACUATION PLANS 
Timing of evacuation is the key factor which is briefly discussed above. Evacuation 
after a disaster often is a haphazard event which results in chaos. Ex-premier of 
Queensland Campbell Newman explained that the flood of 2011 was the worst 
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flood crisis experienced in the state, but that they were fully prepared to overcome 
this disaster. There was a team which ensuring the safety of everyone. 
Plans need to be made before a disaster happens, not afterwards, so that 
minimal losses are suffered (Blaikie et al., 2014). Dynamic traffic simulation 
models are frequently used to support decisions when planning an evacuation. Pel 
et al. (2012) studied modelling of travel behaviour for evacuations using dynamic 
traffic simulation models. They concluded that individuals do not inevitably track 
the advice and instructions from the media, but tend to pursue information, judge 
their personal safety, and make self-determining evacuation choices. 
Xu et al. (2012) conducted an investigative study of alterations in driving 
features between regular and emergency circumstances. They used the car 
following model in situations where an emergency evacuation in the area is taking 
place. This paper investigated a modeling method that suggested better sympathetic 
of the routing strategies chosen by evacuees to reach a safe destination during 
hurricane evacuation.  
Earthquakes are another type of disaster which have remarkable effects on 
urban transportation networks during the event and after infrastructure destruction. 
Zhou et al. (2012) investigates two aspects of drivers’ responses to earthquakes, the 
car following model and the lane change method at home and out in streets. They 
proposed a model for studying vehicle behaviour in emergencies caused by urban 
earthquakes. 
Yin et al. (2014) studied an agent-based travel demand model. A focus of 
this study was emergency evacuation at the time of a hurricane. Hurricanes affect a 
wide range of domestic travel strategies. The system implemented an econometric 
and statistical model to represent decision making about travel throughout the 
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evacuation procedure. The system reflected six classic evacuation decisions: 
evacuate/stay in accommodation; evacuation destination; mode of travel choice; 
vehicle usage choice; and departure time choice. Additionally, the model captured 
pre-evacuation preparation using an activity-based approach. In the case of 
evacuation, about 23% of the population outside the designated evacuation zone 
would be evacuated. The model worked well with both agent-based traffic 
simulation instruments and conventional trip-based simulation instruments. 
Li et al. (2014) developed a model for comprehensive optimisation of major 
emergency evacuation selected routes and departure times, in which the evacuation 
extension method is considered in terms of traffic control. The model had two main 
features: the simulation of the evacuation route and of departure times. 
Additionally, the method of controlling extended traffic flow in evacuation 
conditions was investigated. The investigation included development of a traffic 
flow propagation model and the design of a module to simulate the evacuation 
traffic flow. The study also created an experiential algorithm to optimise this 
comprehensive model and anlyse results of the experiment.  
Below are the assumptions that Li et al.’s comprehensive optimisation 
model is based on:  
 the traffic volume, or the number of vehicles that need to be evacuated to 
the end point; 
 The traffic volume was assumed to be 0 at the first time in the road 
network; 
 In the network during the evacuation period, there would be only 
evacuation traffic flow and rescue traffic flow, and the two types of flow 
would be completely separated by traffic control. An experimental 
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algorithm for the optimisation of this comprehensive model was 
included.  
2.4 TRAFFIC FLOW AND HARSH WEATHER 
Bad weather creates many problems for transportation systems and traffic 
performance. Heavy goods transported by rail and road get delayed, which results 
loss of time and higher cost. In 2008-2010, 60% of freight transports were delayed 
due to harsh weather and weather-related technical damage (Ludvigsen & Klæboe, 
2014). The most harmful weather types for road transport are snowfall, heavy 
precipitation, floods and wind gusts. Due to heavy rainfall and floods, landslides 
and mud flows occur, destroying roads, damaging pavements and destroying 
pipelines. Snow and freezing rain or sleet makes the surfacec of roads slippery, 
causing road accidents and blockages. Wind gusts are also very harmful; strong 
wind gusts jam the roads by uprooting trees and affecting the flow of traffic, which 
may cause major road accidents (Changnon, 2013). Sudden temperature change is 
one of the most important factors interrupting traffic flow; in big freezes, for 
example, the frozen material becomes fragile, which loosens the stones in cuttings 
and causes heavy stones to slides and block the road.  
A broad variety of actions are involved in the calibration of traffic flow 
models in extreme climates and in macroscopic network simulation. A weather-
sensitive traffic judgment estimation and prediction system (TrEPS) for four 
metropolitan areas across the United States is designed to gather reliable estimates 
and predict traffic conditions in harsh weather conditions. Successful 
implementation of a weather sensitive TrEPS requires a comprehensive calibration 
of weather effects in the traffic flow model. After the development procedures, a 
 Page 29 
© 2016 Amir Pourfarzad Page 29 
dual-regime modified green shields model and climate alteration factors were 
calibrated (Hou et al., 2013).  
For this project, information was gathered from four metropolitan areas 
across the USA by using freeway loop detector weather and traffic data from 
automated surface-observing system stations. Analysis has shown that poor 
visibility and intense precipitation (rain–snow) have vital effects on the value of 
some factors of the traffic flow models, such as free-flow speed and maximum flow 
rate (Hou et al., 2013). The models that were calibrated were used as input in a 
weather-integrated simulation system for dynamic traffic assignment. The 
calibrated models have the capacity to capture the effects of weather on traffic flow 
more logically and accurately than TrEPS without weather incorporation. 
Walking and cycling are among the main modes of transport which people 
use in their daily travel. During winter, walking and cycling surfaces are covered by 
snow and frost, which make pedestrians and cyclists slip. The Finnish 
meteorological institute (FMI) has explained three circumstances which are  really 
slippery for pedestrians and cyclists: excessive snow on ice cover; raining or 
melting of snow on ice cover; snowfall with low temperatures or with 0ºC. In 
Finland, almost two-thirds of accidents related to falling and slipping have major 
consequences (Nijkamp, 2012). Around 67% of these incidents happen when large 
surfaces of pedestrian areas are covered by snow and ice. (Valesquez & Hester, 
2013).  
All in all, harsh weather has an adverse effect on all modes of traffic, but the 
one of the most damaging extreme weather events is flooding, which cuts people 
off from their basic necessities of life and can cause heavy damage to the economy 
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and human lives. However, some effective measures can be taken to reduce losses 
from these disaster which cannot be avoided or eliminated.  
 Modelling of inclement weather impacts on traffic stream behaviour is a 
significant topic for research. Rakha et al. (2012) developed measures for models to 
evaluate severe weather effects on cars using merged software on a sample 
network. The outcomes showed that a 5% decrease in light-duty vehicle speeds and 
a 3% drop in heavy-duty car speeds will result from rain or snow, respectively.  
  Rakha et al. (2007) have done empirical studies on traffic flow in 
inclement weather. The most important aim of their study was to develop a better 
understanding of the impacts of weather on traffic flow. The research was intended 
to gather the following specific information: the impact of precipitation on 
macroscopic traffic flow parameters over a full range of traffic states; the impact of 
precipitation on macroscopic traffic flow parameters using consistent weather 
variables; the influence of precipitation on macroscopic traffic flow parameters on a 
wide range of facilities; regional differences in reaction to precipitation; and 
macroscopic impacts of decreased visibility. 
Vlahogianni et al. (2012) addressed the problem of freeway lane speed 
inconsistency under the influence of rainfall. They recommend a non-linear 
dynamic methodology which relies on analysis of reoccurrence quantification. 
Their model was capable of comparing speed distribution under fine and adverse 
weather situations. They found that under fine weather conditions, an effective way 
of describing traffic evolution might be analysis of section travel speed, but the 
results are not reliable in cases of vehicle accidents or low traffic.  
 Lam et al. (2013) have modelled the association between traffic speed, flow, 
and traffic density relationships for urban roads under intense precipitation. They 
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found that key factors in urban road traffic streams were impacted significantly by 
rainfall. Precipitation intensity, on the other hand, doesn’t have a major effect on 
traffic jam density, especially on urban roads.  
 Edwards (1999) has researched motorway commuter traffic’s speed 
adjustment to inclement weather. Drivers supposedly admit the need to reduce their 
speed in inclement weather, but only slightly. Traffic behaviour was investigated in 
three weather conditions, fine, rain and misty. At the time of each survey about 
responses to weather conditions, Edwards also monitored weather data manually. 
To exclude external factors that were affecting results, effective monitoring was 
implemented. To analyse the data two major factors were considered; consistency 
of daily travel regulation and peak hours. Furthermore, as a control, the obligatory 
speed limit of vehicles was compared in fine and adverse weather. The results 
showed a minor but considerable decrease in mean speeds in both wet weather and 
misty conditions. However, increased danger with extreme precipitation was not 
compensated for by a decrease in speed. The study also looked at the impact of 
predominant weather and road surface conditions on traffic behaviour, such as 
pushing speed to the limits.  
 Weather conditions affect traffic flow features, including speed and capacity 
(Hu et al. 2012). Numerous studies have found that speed and capacity decrease in 
conditions of rain, snow, wind speed, and visibility loss. Understanding these 
relationships is important to managing the traffic flow appropriately. Camacho et 
al. (2010) evaluated the reduction in free-flow speed caused by inclement weather 
conditions, including rain, snow, wind speed, and visibility loss. Fifteen freeway 
locations in north western Spain were selected for the study. Individual correlations 
between the weather and traffic variables were examined to select the most 
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important weather variables and to identify speed trends and thresholds. All climate 
conditions were divided into four groups: no precipitation and temperatures above 
0°C, no precipitation and temperatures below 0°C, rain, and snow conditions. A 
multiple nonlinear regression analysis was performed with the final variables. 
Results revealed that rain and snow both caused a reduction in speed. However, it 
can be clearly seen that during snow conditions, speed showed a more dramatic 
decrease. The influence of visibility loss on speed demonstrated a logarithmic form. 
The location of tests caused the variables to affect the speed differently, so further 
research should be done at more of sites in future. 
The studies reviewed above show that a wide range of activities are involved with 
the calibration of traffic flow models under adverse weather and their application in 
macroscopic network simulation (Rehborn and Koller, 2014). 
2.5 TRAFFIC MANAGEMENT 
Management of transportation issues in times of disaster can be categorised as 
follows. Administrative action should be taken before disaster occurs, including 
contingency planning. A clear and concrete idea of what to do and how to respond 
if any plan fails or things get out of control is necessary (Häggberg, 2015). 
Moreover, the state and relevant departments should always be prepared to 
encounter these types of situations. Data collection is one of the key factors which 
underpins the entire planning process. Accurate and reliable data needs to be 
collected in advance rather than waiting for the worst scenarios. This data must 
include the numerical figures of families/people that will need to shift to a safe 
spot. A safe location for evacuees and effective transport modes need to be 
identified. Vlahogianni et al. (2012) point out the difficulties of freeway lane speed 
irregularities during precipitation and propose a non-linear dynamic approach. They 
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measured speed changes in two different weather conditions, fine and harsh. The 
results demonstrate that under fine conditions, traffic progress can be determined by 
sectional travel speeds, but in cases of accident or low traffic this method does not 
work properly. The rise in sea levels, particularly for coastal areas, together with 
increased occurrence and intensity of storm surges and flooding, are concerns that 
have become more pressing with climate change (Kleinosky, Lisa R. Yarnal, Brent. 
Fisher, Ann, 2007). Under various conditions road safety can be affected by 
precipitation causing increased accidents but with a lower level of severity than 
floods and storms (Kleinosky et al., 2007). During peak hours, congestion increases 
with precipitation. The impact of adverse weather conditions on traffic operations 
in reducing traffic flow and safety has been widely recognised (El Faouzi et al., 
2010). Mitigation of various undesirable influences can be achieved by active 
weather-sensitive traffic management strategies. 
 Recently, there has been increased interest in the impact of severe 
environmental circumstances on daily traffic congestion in Germany. Rehborn et al. 
(2014) found that there are two phases in congested traffic, “synchronized flow” [S] 
and “wide moving jam” [J]; neither is affected qualitatively by weather conditions. 
However, they vary in their quantitative aspects.  
 On the subject of traffic management, Alfelor et al. (2013) provided a 
comprehensive description of the patterns in weather-responsive traffic 
management in the USA and Europe. The findings include the current schemes and 
analytical tools used, their resemblances, and their effectiveness in managing traffic 
behaviour.  
 Koetse et al. (2009) have reviewed empirical features of the impact of 
climate change and weather on transport. Koetse et al. found that rising 
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temperatures, fluctuations in passenger and freight transport on a worldwide scale, 
changes in tourism and agricultural outcomes have all impacted transport.  
 Overall, various undesirable influences can be mitigated by active weather-
sensitive traffic management strategies.  
2.6 EFFECT OF WEATHER ON TRAFFIC AND DRIVERS’ BEHAVIOUR 
Drivers who familiarise themselves with facts and figures make slight 
amendments in travel plans, but data collection about disasters by media or local 
stations are not found to have any significant effect on roads driving behaviour 
(Ferguson et al., 2015). Nevertheless, it is estimated that existing risks are higher 
for those who are unable to get up-to-date weather information (Ferguson et al., 
2015). Drivers tend to judge driving conditions themselves rather consulting 
forecasts; holiday trips are not defined in terms of worst driving conditions 
forecasts which may caution that some of the journeys should be delayed or 
cancelled because of likely harsh weather conditions (Guerra et al., 2015). 
Several drivers (Kilpelainen et al. 2007) reported adopting a variety of 
compensatory responses during harsh circumstances, including a 6-7 km/h target 
speed. Overall, it seems that driving behaviour on roads is affected by existing 
conditions, rather than weather forecasts. In harsh weather conditions, road users 
drive more carefully to avoid accidents and collision; that is, they adapt their 
behaviour. If concerned officials seek to assist drivers in their road behaviour, 
advice becomes more local and technical. The assumption is that by looking at 
traffic parameters and weather conditions, an individual can judge and modify their 
driving behaviour. Many studies have been conducted to investigate driver 
behaviour by using latest technologies, but only a few have looked at the impact of 
weather on both the quality of the data and the traffic parameters. For instance, 
 Page 35 
© 2016 Amir Pourfarzad Page 35 
Zhang et al. (2016) designed a video-based vehicle detection and classification 
system for collection of truck data.  
Weather has severe effects on traffic as well as on driver’s behaviour.  Road 
conditions and unfavourable weather, including fog, rain and fluctuations in 
temperature, are the main causes of increased traffic accidents. Drivers can only 
limit their risk to a certain degree, since factors outside their control impact on their 
driving. Nevertheless, driving behaviour needs to be critically analysed to reduce 
the risk of collisions, crashes and traffic accidents (Simmon et al., 2016).  
Weather can have significant impacts on traffic and driver behaviours which 
are interlinked. Slippery road surfaces during winter is the main cause of road 
accidents in Scandinavian countries. The road administration department provides 
guidance to all drivers and warns them of upcoming weather conditions, climatic 
changes and driving situation in various areas. Information is distributed through 
related fields such automatic traffic counters, forecasting of traffic weathers and 
regional weather stations (Bergström & A.Magnusson, 2007)  
It is important to understand the ways in which drivers perceive various 
risks in emergency situations and how they react to adverse weather conditions. 
The effect of crosswinds on ground vehicles such as lorries or trains is an important 
issue (Baker, 1991). When subjected to strong wind gusts, the interaction between 
various types of vehicles and wind forces is relevant (Baker, 1991). Depending on 
the forces that are applied, cross winds can cause substantial deviations in vehicle 
course. These conditions influence drivers in regard to vehicle control and 
approaches to balancing the vehicle.  
Although the physical impacts of adverse weather have attracted the 
attention of some researchers, there is also a need to focus on the reduced physical 
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and cognitive capacity of the driver when impacted by external weather stimuli. 
Qin (2013) modelled longitudinal driving behaviour, considering the surrounding 
environment’s influence in terms of weather and road geometry on drivers. He 
demonstrated that in extreme weather circumstances, the weather is a more 
important influence on drivers than the road layout/geometry. 
 Kilpelainen et al. (2007) have researched the effects of weather and weather 
predictions on driver behaviour. In northern countries, slippery roads in winter are a 
substantial cause of raised road accident statistics. Questionnaires were distributed 
in rural service stations in various weather and driving conditions, and data was 
collected on the spot. Questions were directed at different demographics such as  
recent driving experience, age, gender and short distances Although driver 
behaviour was not affected by pre-information about their intended trip, drivers 
who had access to this information changed their trip plans more than others did. 
However, the risk was perceived and estimated more by people that had knowledge 
about weather and road conditions than by those who did not seek the information. 
In general, drivers measured the driving circumstances better than the predictions. 
Some unnecessary trips like holiday travel were affected by poor roads and weather 
forecasts and mostly postponed or even cancelled.  
Specific driving behaviours appropriate to adverse weather include allowing 
long headways, lowering the speed of the vehicle and avoiding overtaking on two 
lane roads. In most countries, inadequate road conditions and severe weather are 
not sufficient to cause drivers to discontinue routines related to their daily life. For 
various reasons, people may hesitate to make decisions about safety features when 
they are travelling (Che et al., 2016). To increase road safety, the behaviour of 
drivers and the characteristics of collisions during adverse weather conditions need 
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to be critically evaluated and analysed (Kurani et al., 2015). Analysis of travel 
behaviour in different weather situations will assist decision makers and planners to 
draw up policies responsive to regional climate and atmosphere. Poor visibility 
strongly discourages the intention to travel, resulting in less non-work related 
activity, shorter travel duration and lower trip numbers on that particular day(Liu, 
Chengxi, Susilo, Yusak O, Karlström, Anders, 2015). This finding allows a broader 
picture of weather impacts than earlier research did. It underlines the significance 
of considering the interdependencies of travel indicators when analysing climatic 
impacts (Mayerle et al, 2015). 
 In the last few years, some studies have looked at time-dependent covariates 
in driving simulator studies, such as the inverse headway distance. Driving involves 
multiple processes. These are studied by Donmez et al. (2008) in a simulator 
environment using time-dependent driver performance methods. The simulator 
analysed data with and without time-dependent covariates. Without considering the 
covariates, the results showed that distractions seem to enhance driver performance. 
However, when covariates are included in the study, the results showed they had 
negative effects on drivers’ actions (Campelo et al., 2010) 
Lee at al. (2013) investigated transport behaviour of bus- riders after the 
Southeast Queensland flood 2011. Travellers were forced to take different routes 
because of road closures or damaged occurred to main roads. By comparing the 
relative patterns before, during and after the floods, a study was conducted focusing 
on bus riders’ reaction to flood. A temporary increase in number of cash passengers 
after the flood was witnessed. Results indicated that regular bus riders might 
change their transport modes because of additional congestion which affected the 
normal bus routes. 
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A paper written by Frank. Et al. (2007) investigated the relation between 
lands transport modes and forms in living and business areas with travel time and 
costs and also trip alteration pattern in the Central Puget Sound (Seattle). Urban 
shape at residential and business strict, and travel time and cost were found to be 
playing a significant role in travel mode choice. In order to distinguish 
demographic factors and calculate the relative impact of travel time, costs, and 
urban structure on mode select and trip chaining features and also distinguish 
demographic factors impact a descript choice model was applied. For the three tour 
types The most significant factor influence on travel mode choice was travel time. 
However, to predict the number of stops within a trip, urban strict shape was an 
important item. Results revealed less transit used and less walking distances were 
consequently expected by decrease in highway travel time.  
Susan Kenyon & Glenn Lyons (2003) published a paper on integrated 
multimodal traveller information and its possible influence to transport mode 
change.Travellers were asked to gain knowledge about familiar travel modes such 
as car, coach and train for a journey or daily travel. By investigating about 
travellers’ information, it was indicated that they have different level of information 
varied from travel time (trip duration), financial costs and expenses to information 
associated with level of convenience and comfort factor. Results revealed that 
travellers might be unaware of available modal alternatives for their trip plans. 
Therefore, travellers’ habitual choices can be changed by presenting a various 
modal options for any single targeted trip plan. Furthermore, when the presented 
information includes comfort and convenience aspects, in addition to cost and 
travel time, travellers’ showed intention to consider and peruse modal change. 
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Numerous empirical models have recommended that travel time reliability 
plays an important role in travellers’ route choice behaviour. K.Lo et al. (2005) 
conducted a study develops an approach to correlate the travel time inconsistency 
due to change in stochastic network link capacity changes. As a conclusion, the 
numerical applied models illustrated the highly nonlinear nature of the travel time 
budget, which was witnessed in both cases; the stochastic network degradations and 
arrival time consistency of travellers. 
 It is important for both road users and system controllers to be well 
informed about future circumstances on roadways based on reliable travel time 
forecasts. Qiao et al., (2012) used traffic and weather data from several databases to 
create an integrated model that could forecast travel times under several weather 
conditions, particularly severe weather circumstances. They recommended five 
prediction models to compare the impacts of weather on travel times. To diminish 
the influence of other external factors on the data analysis, 19 weekdays with no 
unusual weather incidents were chosen. Qiao et al. concluded that under normal 
weather conditions, the suggested integrated models and traditional models have 
similar performances, but in rain, snow, and other inclement weather 
circumstances, the integrated model has better accuracy. 
 There are studies on modelling the impact of inclement weather on traffic 
stream behaviour. Rakha et al. (2007) developed measures for adjusting non-steady 
car flow in response to models of adverse weather influences, combined with 
software that analyses a sample of road traffic. The results showed that rain 
precipitation resulted in a 5% reduction in light-traffic vehicle speeds and a 3% 
decline in heavy-traffic vehicle speeds. Both light and heavy traffic vehicle speeds 
decreased with an increase in rain intensity. It is established that depending on the 
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level of congestion, the effect of rain on traffic flow and stream speed is more 
substantia. Speed would be further reduced by changing the case study to 
conditions of snow precipitation and heaviness of snowfall (Rakha et al., 2007).  
  Literature on assessment of driver perception reaction time under rainy 
conditions or on wet roadways was reviewed for this study. El Shawarby et al. 
(2013) used a controlled field test to estimate the impact of wet road surfaces and 
rainy weather conditions on drivers’ PRT (perception reaction time). Their study 
demonstrated that driver PRT rises as the TTI (The minimum time to intersection) 
increases and is longer when the driver is travelling along a promotion method. 
 In one study a broad scheme using a multilevel method for measuring the 
effect of weather on traffic is recommended (Billot et al., 2009). The influence of 
rain is investigated at a microscopic level and then at a macroscopic level. The 
authors concluded that the crash rate can increase by 71% and the injury rate by 
49% in rainy conditions. From a microscopic point of view, drivers decrease their 
speeds and increase their headways and spacing under adverse weather 
circumstances (Billot et al., 2009). 
Impact of sociological factors (age & gender) on driving behaviour 
Roenker et al. (2003) evaluated whether older adults’ driving performance 
improves when they are trained in a simulator. The trained group improved their 
performance on two driving tasks: turning into the right lane and using suitable 
signals. 
 Experienced and learner drivers behave differently from each other in their 
execution of driving tasks. Deery (2000) found that compared to experienced 
drivers, learner drivers perceive dangers more slowly and less efficiently and are 
less able to integrate their perceptions with their responses. He concluded that 
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young drivers miscalculate and underestimate the possibility of a car crash in a 
range of dangerous conditions. Additionally, in dangerous conditions, they are 
more likely to overestimate their own driving skills. Learner drivers also have more 
courage when facing risks. These findings explain why young novice drivers are 
more often involved in accidents. 
 The impact of gender on driving behaviour is a relatively under-researched 
area. De Joy (1992) has looked at the role of gender in traffic accident risk 
awareness. Regarding the frequency and likelihood of accidents caused by risky 
behaviour, males and females held similar perceptions, but males normally 
perceived the dangerous situations as less serious and less likely to result in 
accidents. 
2.7 TRAFFIC SAFETY 
Traffic safety is one of the main factors considered in the planning of infrastructure 
facilities. Traffic safety is defined as the degree to which the movement of vehicles 
can be accomplished without injury or loss of life or property, and is one of several 
requirements for traffic systems (Dukiya & Owoeye, 2014), which need to facilitate 
the movement of people and commodities. In 1966, the death toll in the United 
States was estimated at 53,000, and increased by 5% in 1965 (Commoner, 2014). 
Since then, massive increases in population and the number of vehicles on the road 
have meant a commensurate increase in fatalities and accidents;.Nearly 200,000 
people in United States were severely wounded in car accidents and collisions in 
2013 including almost 100,000 which were handicapped for lifetime. Accidents are 
a major cause of death for all ages up to 45 and above, and accidents related to 
motor vehicles are the main and biggest cause of death in the 15-54 age group 
(Walton et al., 2008). However, death rates alone do not give a complete picture of 
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losses (Wu et al., 2014). In dangerous accidents, crashes between motor vehicles 
are the most numerous. This is followed by vehicle-obstacles crashes in roadways 
or overturning or running off the road; all of these accidents together make up 70% 
of total losses. Pedestrians’ accidents, crashes involving trains, fixed objects, 
bicycles and other mixed accidents account for the remaining 30% in United States 
(Alves et al., 2014). According to the National Safety Council (Mileti, 1999) the 
annual cost in monetary terms of traffic-related accidents in United States is 
approximately $10 billion, including loss of earnings for those who get wounded or 
killed, medical expenses, damage to property and insurance charges. It is from 8% 
up to 50% to about 8% of the annual expense of motor vehicle transport. Facts and 
figures provide the data from which we can identify the level of losses from traffic 
accidents, but do not account for the soreness, terror, trauma, panic and long lasting 
effects of damage and loss. Statistics need to be collected at regular intervals to 
give a comprehensive picture of damages from traffic accidents (Ye et al., 2015; 
Cui & Li, 2015). These figures can be categorised by vehicle-miles or passenger-
miles, numbers of vehicles compared to population totals or any other related 
factor.  
 Researchers have studied the direction and scale of variations in road safety 
in urbanised areas, specifically in Vancouver, Canada (Crane, 2013 Arnold, 2014). 
Their findings show that hazardous driving conditions occur with changes in the 
weather. It is important to recognize that variations in temperature have significant 
effects on the type of precipitation. The intensity of rain or snow affects visibility 
and may cause collisions when the friction of road surfaces is compromised. 
Multiple hazards and risks including fog, snow blizzards and gale force winds are 
parameters which were not investigated. 
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Thousands of proposals have been designed and passed for the improvement 
of traffic safety (Garber & Hoel, 2014). Various agencies and individuals who are 
genuinely interested in the problem of traffic safety have discussed programs to 
improve traffic safety (Melgar & Bock, 2013). Some have argued for modifications 
to automobile design (Crandall, Bhalla, Madeley, 2002). Others have urged strict 
implementation of strong traffic rules and regulations and penalties with larger 
fines and for violation of these laws, in the belief that strict laws will improve 
observance of traffic safety rules and correct signaling. Other sources argue that 
drivers should be required to train for better driving through the licensing system 
(Garber & Hoel, 2014). 
Overall, weather has various, often severe effects on all transportation 
modes and can have major and destructive consequences. But effective measures, 
can be taken to mitigate losses. In times of emergency and disaster, evacuation 
plays an important role. Any evacuation of either long or short time span should be 
pre-planned so that obstacles and inconveniences can be anticipated and dealt with 
as far as possible. Harsh weather has a negative impact on traffic flow, which  
affects the entire region (Florowski and Skorupski, 2015), and can also cause major 
accidents and collisions, putting passengers and drivers’ lives in danger. 
Traffic safety is one of the key factors which strongly impact on traffic 
management. Bad weather adversely affects drivers’ behaviour, which can disrupt 
the flow and management of traffic. Traffic safety is very important for controlling 
and managing traffic issues in harsh weather and climatic changes (Mesinger et al, 
2012). The role of disaster management is extremely important for traffic safety, 
and there needs to be a clear back up plan for control of traffic and response to 
challenging situations (Sylves, 2014). Moreover, traffic control needs to coordinate 
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with rescue operation authorities to manage situations as efficiently and peacefully 
as possible (Chen et al., 2015).  
The main intention of Downey ( 2015) was the implementation of Remote 
Traffic Microwave Sensor (RTMS) data in various climate circumstances to 
investigate the correlations between traffic speed and volume on freeways. 
Different variables were used to analyse the data, such as weather (from clear to 
rain, fog, or snow), freeway surface (dry, wet, or icy), and proportion of 
heavyweight vehicles passing through the traffic zone. The analysis revealed that 
the average speeds decreased by 8% to 12% and the road capacity  gradually 
decreased to 7-8% in rainy conditions (Downey, 2015). Furthermore, comparison of 
wet and dry surfaces showed a 6 to 7% decline in average speeds, while light snow 
decreased traffic volume significantly. 
  Chen et al. (2012) introduced a new assessment process for traffic signal 
control systems (TSCS). An artificial transportation system (ATS) was proposed. 
and tested ATSs over 30 days. Three scenarios of TSCSs were investigated: fixed-
time (FT), queue-based responsive (QBR), and adaptive dynamic program (ADP). 
Three types of adverse weather, rain, wind, and fog as well as normal weather were 
modelled and analysed. Consistent evaluation outcomes were achieved after 
analysing the collective data and a detailed operating record. 
 To assess callibration of signal timing with traffic conditions at the 
intersections of urban roads, a study by McBurney (2012) has looked at the effect 
of ice and snow weather conditions on road surfaces. The results show that the 
saturation traffic flow rate falls steadily to around 14%. When precipitation 
increases, in this case snow, the following changes were predicted: a decrease in 
average speed of pedestrians crossing at intersections  of 20%, and a decrease in 
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driving speed of cars of 20% (McBurney, 2012). Overall, ice and snow 
significantly affect automobile speeds. On the other hand, under these conditions, 
the study concludes that with the reduction in vehicle speeds, safety intervals 
between vehicles increase.  
 It is generally accepted that rain is contributes significantly to crashes. 
(Jackson et al., 2014) have used fatal accident data and geospatial analysis to 
observe the temporal-spatial distribution of rain-related fatal crashes in Texas City. 
 Researchers have explored the influence of precipitation on road accidents 
in urban Melbourne, Australia, between 1987 and 2002 (Jaroszweski and 
McNamara, 2014).  The effect of rainfall across the periods is greater in autumn 
than in spring. Volume-normalised accident rates increased with dry season rainfall. 
However, researchers concluded that because worry does not improve 
preparedness, communication systems should not aim to induce panic in people.  
 Road weather sensing technologies have improved a lot during the past 
decade. Non-invasive road weather sensors are a valuable component in many 
intelligent transportation system (ITS) applications. Ewan et al. (2013) have 
investigated the use of such sensors in a weather-responsive variable speed limit 
system. Snow depth readings by the sensors were found to be incorrect, but 
readings of ice depth dimensions were close to the actual depths. However, only a 
limited number of evaluations were close to the actual water depths, while other 
readings were highly incorrect. 
 Low visibility is one of the most critical contributors to vehicle accidents on 
the road (Newnam and Goode, 2015). This factor may be caused by local or 
national weather circumstances such as fog, rain, snow and sandstorm. The 
numerous issues with the existing system motivated the team to introduce and 
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utilise a new pre-warning system to avoid problems such as expensive operation 
and maintenance costs. The pre-warning method includes measuring nodes and a 
communications bus. This system effectively prevents car accidents that are caused 
by a build-up of fog or sand storms, and significantly improves expressway safety.  
 Studies of accident severity in relation to weather events have revealed that 
a number of aspects impact accident severity on roads. To get some information 
about prevailing weather at the time of crashes, police records are consulted. 
Comparison of normal weather with adverse conditions like rain, fog and wind can 
give information about accident severity in local areas (Al-Harbi et al 2012). 
Studies have found that in rainy weather, severity of traffic accidents is reduced 
compared to fine weather conditions (Ashley et al., 2015).  
 Pisano et al. (2008) have investigated US highway crashes in adverse road 
weather conditions. They found that there are three control strategies that can 
improve roadway safety: access control, speed management and weather-related 
signal timing. Drivers reduce speed slightly on wet surfaces and during rain they 
tend to drive more cautiously and reduce their speed further. Drivers travel much 
slower in winter weather, and many cancelled trips lead to lower traffic volumes 
Pisano et al. (2008).  
 Eisenberg et al. (2005) studied the effects of snowfalls on motor vehicle 
collisions, injuries, and fatalities. They found that adverse weather is one of the 
main factors in 28% of all crashes and almost 20% of highway mortalities. They 
also found that the risk modelled by rain increasing with time. Crash counts are not 
found to be greater in snowy conditions than in dry weather (Eisenberg et al., 
2005). However, snow creates more hazardous driving scenarios due to the loss of 
vehicle tire traction on road surfaces and lowered visibility (Halim and Jiang 2013). 
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However, prior experience of driving in rain and snow makes drivers more careful 
and unnecessary travel is postponed in most cases. Nevertheless, in the snowy 
season, higher accident rates have been documented compared to fine weather 
(Halim and Jiang 2013). The results show that the rate of less serious car accidents 
that lead only to property damage increases during snow, while there is a decrease 
in severe accidents, specifically the ones that resulting in causalities(Hu, Li Wei, 
Pei, Yu Long, 2012)  
The effect of undesirable weather conditions such as gusty and sustained winds, 
snow and rain on the safety of automobiles was the focus of Chen et al.’s 2009 study. 
They found that single-car non-collision accidents in adverse environmental and 
geographical conditions which play a significant role in car accidents have not been 
investigated adequately. Their study explores the safety of different types of vehicles in 
fine and adverse weather conditions. They found that road grade and road roughness 
had a very limited effect on car accidents. Further, the risk for automobile accidents 
increases on wet and icy road surfaces, and decreasing vehicle speed unexpectedly and 
suddenly is very likely to result in vehicles overturning. 
 Agarwal et al. (2005) studied the effects of weather on features of urban 
freeway traffic flow and capability. Adverse weather reduces the capacities and 
travelling speeds of vehicles on roadways, causing congestion and less efficient 
traffic flow (Agarwal et al., 2005 & Dune and Ghosh, 2013). Qiu et al ( 2009) 
polished a paper which defines the impact of rain, snow, and various pavement 
surfaces on traffic flow on metro freeways and discusses how it can be quantified. 
Their results show that capacities and operating speeds are decreased substantially 
by heavy rain and snow. Another study by Byun (2009) found that capacity 
reductions of 10%–17% and 19%–27% and speed decreases of 4%–7% and 11%–
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15% occurred with heavy rains (more than 0.25 inch/hour) and heavy snow (more 
than 0.5 inch/hour) respectively  
 Management of traffic tasks during adverse weather was investigated by Li 
et al.(2014) They found that accuracy of data collected from weather and road is 
crucial to giving warnings to motorists about various weather scenarios. This 
information can also be used to understand how drivers behave in adverse weather 
and how their decisions alter traffic flow developments in intelligent transportation 
systems (ITS). 
Weather Responsive Traffic Management (WRTM) correlates with these core 
items(Li et al., 2014): 
 Weather information and traffic data  
 Human elements  
 Road weather information, 
 Traffic analysis and modelling. 
 
 Lam et al. (2010) have modelled how adverse weather conditions on a road 
network can disrupt demand and supply. Instabilities in supply and demand are 
mainly caused by different intensities of rainfall. The authors propose a new 
reliability-based stochastic user equilibrium (RSUE) model for a road network 
where demand and supply are uncertain. 
 Hofmann et al. (2005) aimed to predict fluctuations in congestion levels 
caused by weather circumstances. They postulated that weather conditions might be 
a reason that urban bus control systems cannot build sufficient flexibility into their 
preparation, arrangement, timetables and management decisions. The quality of 
service an operator provides is affected noticeably by adverse weather conditions. 
When personal vehicle usage is involved, that also leads to higher levels of 
congestion. Some variables such as destination stations and essential peak and off-
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peak changes were modelled as a part of the performance process. The study found 
that: 
 On non-rainy days magnetic strip cards are used more than on rainy days.  
 On non-rainy days inbound trips are more frequent, and average daily 
occurrences on non-rainy days are more frequent than on rainy days.  
 Service seem to be more regular on rainy days compared to fine days,  
 Travel times in rainy and snowy weather are completely different.. 
 
It can be concluded that travel time increase when weather is rainy. It appears that n 
rainy days, traffic congestion which stops buses from travelling freely contributes 
to a more regular flow (Hofmann et al., 2005). 
 Research into road safety and weather falls into four general categories: 
weather exposure, human factors, education and training, and mitigation strategies. 
Regarding exposure, we need to investigate the relationships between weather 
severity, weather exposure on road networks, and crashes. Regarding the human 
factors, we need to know how drivers make travel decisions (mode, departure time, 
trip deferral) and how to influence such decisions (Nijkamp et al., 2012). In the area 
of training, we must increase driver education and awareness of weather impacts in 
order to influence driver decisions. We must know which road weather 
management strategies are most effective in reducing speeds, crash rates, and crash 
fatalities. However, weather may be a factor that modifies crash conditions and not 
the major cause of a crash. Studies show that adverse weather conditions in 
interaction with other crash factors influence crash severity(Ashley et al., 2015 & 
Newnam and Goode, 2015 & Pisano et al., 2008). Temperatures below freezing, 
precipitation (type and amount) and wind (speed and direction) all contribute to the 
severity outcome of crash. However, the combination of the prevailing weather 
conditions and route classification may have diverse effects on crash severity. For 
instance, adverse weather was found to reduce the probability of very severe 
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crashes on the interstate corridor, while the opposite effect was observed on the US 
route corridor (Nijkamp et al., 2012).  
 
2.8 INFRASTRUCTURES AND BRISBANE FLOOD 
Infrastructure plays a fundamental role in any country. Without infrastructure 
facilities, a country will fail to perform its vital functions. In any disaster situation 
the very first feature affected is the infrastructure facilities. The regulatory 
authorities and relevant departments should take serious preventive measure to 
protect these facilities, which play an important role in rescue operation, whether by 
air or land. 
In a disaster scenario, the team of experts including the officials of 
concerned authorities and departments should be there to evaluate the extent of 
mass destructions and plan for action. Councils in flood-afftected areas need to 
address the lessons to be learnt from the Brisbane flood in 2011 and institute 
strategies for better management in future (Houtekamer et al., 2014). 
The plan needs to ensure that Brisbane Council and residents can be ready 
for upcoming weather emergencies. In June 2011, the mayor of the city announced 
the Action Plan for flood responses to address the 53 recommendations in the Flood 
Review report (van den Honert, Robin C, McAneney, John, 2011) (Flood response 
review, Brisbane City Council, pp; 2). 
The strategic plan was updated as the Brisbane City Council’s (BCC) 
January 2011 Flood strategy with a supplement to meet the 74 recommendations 
relevant to Council in the Queensland Floods Commission of Inquiry report, and 
was released on 16 August 2011 (Berroocal et al., 2012). 
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2.9 BRISBANE FLOODS 
Factors that affect people’s decision making when choosing transport modes during 
floods can include safety, cost, time or even convenience. These items play a vital 
role; safety may be the first priority, so that people choose the mode which best 
reduces their risk during floods. Another important factor is that during evacuation, 
people seek an alternative place to stay from which they can easily move to their 
jobs or other desired destinations until the situation is under control. 
 Socio-demographic features like gender and age affect people’s thinking 
about transportation in flood conditions; disabled and aging people cannot easily be 
evacuated by ferry services or by road. In these cases air ambulance is the mode of 
choice for rescue operations, so that rescue can be affected without creating 
dangerous situations and causing panic.  
 People use different ways of transportation during and after floods. Air 
ambulance and ferry services are common modes during floods. After floods, 
people return to using their normal modes of transport. 
The frequency of floods in Queensland during the wet season may 
necessitate evacuation of all citizens in affected towns, and in major cities like 
Brisbane, of flood affected areas. The overall cost of the 2011 flood was estimated 
at around $5.6 billion, and almost three-quarters of Queensland was declared a 
disaster zone (Kathryn Wells, 2015). Disaster announcements were made for 
Brisbane, Gladstone, Gold Coast, Gympie, Ipswich, Logan, Rockhampton, 
Sunshine Coast, Toowoomba and Redcliffe. Rainfall in excess of 1000 mm was 
recorded in 96 hours (Wells, 2015). More than 2,700 homes and businesses were 
flooded in whole Queensland; the Burnett River level increased up to a record 9.53 
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m, causing the biggest evacuation that was known to that date in the history of 
Queensland (Kathryn Wells, 2015). 
Conquering the Flood 
During disasters, the traffic network should be assessed accurately. It is important 
to know what traffic modes should be used to meet emergency responses and what 
other transportation methods could be used to minimise the risk and loss and to 
transfer people to safe sites (Ranke, 2016). Evacuation planning should be made in 
advance so that at the time of need, the operations can go smoothly. Seminars can 
play an important role in giving information and advice about basic scenarios so 
that people know how to respond quickly and how to avoid pre- and post-traumatic 
situations (Zhang et al., 2016). The APS(Australian Disaster Preparedness and 
Response Solution), backed by the Brisbane division, organised a two hour 
consultation session in 2011 for 300 officials and other people related to different 
occupations in Brisbane to inform them of the best solutions and first aid for 
helping people in large scale disasters(Kathryn Wells, 2015). The seminar was 
offered by members of the APS Disaster Preparedness and Response Reference 
Group, Queensland Health, and other experts in disaster response and psychological 
recovery (Madadgar et al., 2014; pp 17). 
Post disaster 
Post-disaster traffic management is difficult to analyse. Teams and departments 
should be prepared to evaluate the losses caused by disasters. Moreover, short term 
and long term recovery options should also be set for traffic management; traffic 
flow models should be set up for bringing victims back to their original homes after 
rescue operations are finished (Valach et al., 2014). The Brisbane City Council 
Local Disaster Management Plan gives instructions for management of traffic 
 Page 53 
© 2016 Amir Pourfarzad Page 53 
planning in regions affected by disaster or any other major incident, reflecting the 
needs of the local community before, during or after an incident. This plan consists 
of priorities set by the Brisbane Local Disaster Management Group (BLDMG). It is 
a joint initiative between Queensland police services (QPS) and other reliable and 
concerned agencies (Ji et al., 2014). Strategies and action plans for the progress and 
improvement of traffic management are included. In addition to this, it sets out 
duties involved in implementing the traffic management plans successfully 
(McEntire, 2014). 
2.10 SUMMARY  
The literature review covers methods of transportation used by people in various 
situations, and discusses risks and perceptions of disaster and how to evacuate and 
rescue in case of disaster. The chapter also explores issues affecting traffic flow in 
inclement weather. The effects of weather on traffic and driver behaviour are 
discussed, and strategies for managing traffic in disaster are outlined, as well as 
traffic safety and signalling. 
Although the effects of inclement weather on transportation are 
acknowledged, researchers have not fully investigated the connection between 
factors that affect transportation modes choice/change in times of disaster. Another 
important topic that is not well covered by research is a model for statistical 
analysis of the relation between people’s selected mode of transport based on their 
accessibility and their reactions in different time periods of disasters. However, 
through a Program of Road Weather Management, collaborators in meteorological 
studies and transportation are taking initiatives to meet this challenge (Barnes, 
2014). By exploring, mounting and implementing weather responsive traffic 
management (WRTM) solutions, concerned people are taking productive steps 
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towards the betterment of traffic flow and its related operations before, during and 
after harsh climate events, with the positive objective of reducing crashes and 
collisions (Ludvigsen and Klæboe, 2014). 
Accurate climate and road information is essential to enable local and state 
transportation departments (DOTs) to monitor and supervise infrastructure on main 
response times and to foresee upcoming weather conditions and warn motorists 
about weather changes and road conditions (Thoma et al., 2015). Such data is 
needed to inform the upgrading of intelligent transportation systems, information 
systems related to road and weather, traffic data collection, and to devise 
technologies for evaluating how drivers respond in severe weather and how the 
flow of traffic affected by their decisions. These inventions can assist strategies 
such as real-time amendment of traffic signaling and timing of ramp meters, 
operating automated decision systems, and applying variable speed limits (Gibbs et 
al., 2013).  
 The significance of  understudy research is further evidenced by the 
Australian Government’s establishment of organisations such as the, Brisbane 
Local Disaster Management Group (BLDMG) to concentrate on disaster features 
and lessen the factors that contribute to damage and loss of property and life.  
Figure 2-2 shows a geopgraphic map of Brisbane during the flood 2011.  
 
Figure  2-2 Brisbane flood 2011 geographic map (adapted from Brisbane city council) 
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2.11 GAPS IN KNOWLEDGE 
Despite the fairly extensive methodological advances made during the past five 
decades, little attention has been paid to reviewing, questioning and possibly 
revising each of the objectives of this research project: 
1. The factors affecting people’s decisions about transportation modes in case 
of floods and disasters need to be investigated in more detail. 
2. The influence of socio-demographic features (such as gender and age) on 
people’s choices of transportation mode before, during and after floods is 
not sufficiently studied. 
3. An optimised modified model for obtaining data about responses to adverse 
climate scenarios and make recommendations needs further exploration. 
4. Changes in people’s transportation modes before, during and after floods 
and the probable relationship between selected modes are still open 
questions.  
Tabel 2-1 shows a summary of topics and methodological highlights which are 
included in the literature. An investigation about transportation management, safety 
and transport/ traffic behavior in relation with natural disasters revealed that factors 
affecting transport mode choice were not well researched. Fundamental questions 
are raised about how current theories highlight the critical gaps (above mentioned) 
in understandings of factors impacting respondents’ travel mode preferences, 
especially when they are faced with flood. Furthermore, socio-demographic factors 
effecting traffic and drivers behavior in the literature emphasize on importance of 
such factors and their possible influence on transport mode choice/ change. 
Exytensive effort in the literatures reviewed traffic flow and evacuation in relation 
with extreme weather conditions. Different applied and distributed optimised 
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statistical models were reviewed. However, such studies were rarely dedicated to 
model adverse climate scenarios specially flood on transport modal choice/change 
at different statges of flood.  
Table 2-1 Summary of literatures 
Categories Methodological Highlights Reference 
Risk and disaster 
perceptions  
Highlights what are the risks and 
attitudes towards disasters 
Agdas et al., 2012; Ames et al., 1987; 
Webster et al., 2013; Kinateder et al., 
2015; Billi et al., 2015; Kellens et al., 
2013; Meyer et al., 2014; Leonard et 
al., 2008; Bradford et al., 2012; 
Stanojevi´c et al., 2013. 
Evacuation in case of 
disaster 
Outlines what planning and strategies 
are used when evacuating people from 
affected areas 
Gordan, 2015; Lindell, 2013; Chen and 
Xiao 2008; Georgiadou et al., 2007; 
Simonovic, 2011; Chiu et al., 2007 
Traffic flow and Inclement 
weather 
Evaluates how to manage flow of 
traffic in extreme weather conditions 
Ludvigsen, and Klæboe, 2014; 
Changnon, 2013; Nijkamp, 2012; 
Valesquez & Hester, 2013; Rakha et 
al., 2012; Hou et al., 2013; Rakha et 
al., 2007; Vlahogianni et al., 2012; 
William et al., 2013; Edwards, 1999; 
Hu et al., 2012; Camacho et al., 2010; 
Rehborn and Koller 2014; Zhao, 
2014;  
 
Effect of weather on traffic 
and drivers’ behaviour 
What significant impact does climate 
have  on traffic and driver behavior? 
Häggberg, 2015; Vlahogianni et al., 
2012; El Faouzi et al., 2010; Rehborn et 
al., 2014; Alfelor et al., 2013; Koetse et 
al., 2009; El Faouzi et al., 2010; 
Houtekamer et al., 2014; Berroocal et 
al., 2012 
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Traffic management and 
disasters 
Outlines the criteria for managing 
traffic during disasters 
Ferguson et al., 2015; Guerra et al., 
2015; Zhang et al., 2016; Simmon et .,al 
2016; Che et al., 2016; Kurani et al., 
2015; Mayerle et al., 2015; Donmez et 
al., 2008; Campelo et al., 2010; Qiao et 
al., 2012; Rakha et al., 2007; Huemera 
et al., 2014; Baker, 1991; Qin, 2013; 
Kilpelainen et al., 2007; El Shawarby et 
al, 2013; Billot et al., 2009; Deery, 
2000 
Traffic safety and 
signaling 
 
Indicates traffic safety and signaling 
procedures 
Eden et al., 2014; Wu et al., 2014; 
Alves et al., 2014; Ye et al., 2015; 
Melgar & Bock, 2013; Garber and 
Hoel, 2014; Chen et al., 2015; 
Mesinger et al., 2012; Jackson et al., 
2014; Ewan et al., 2013; Eisenberg et 
al., 2005; Halim and Jiang 2013; 
Chen et al., 2009; Agarwal et al., 
2005; Dune and Ghosh 2013; Byun, 
2009; Alfelor et al., 2011; Lam et al., 
2010; Hofmann et al., 2005 
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3Chapter 3:  Research design 
 
This chapter describes the methodology selected by the researcher for the collection 
of both primary and secondary data and how the data is analysed. The theoretical 
framework and approach to the research topic, as well as the time-table, procedure, 
and ethical considerations are presented. 
A sound understanding of how travellers adapt their behaviour during a 
natural disaster is the main element in the effective and efficient management of 
networks of transportation at the time of a disaster. The study investigates the effect 
of factors such as cost, time and convenience on traffic/travel decision making in 
selected modes of transportation, as well as their impact on the behaviour of 
travellers during the period of natural disasters. The influence of socio-
demographic features (such as gender and age) on selected transportation modes 
and people’s decision making at different times are investigated. A quantitative 
research method is used, and primary data has been gathered through a survey 
questionnaire. Relevant secondary data has been collected by exploring different 
sources from several private libraries, public libraries and e-libraries on the internet.  
3.1 METHODOLOGY 
3.1.1 Research Approach 
There are two types of research approaches, inductive and deductive. The inductive 
approach is a direct method, as it starts with an observation, and then sets a pattern 
leading to the formulation of a tentative hypothesis, and if it is supported by the 
examination of data, it becomes a theory (Bryman, 2015). The deductive method is 
also called a “top-down” approach. This approach starts from an existing theory, 
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then formulates a hypothesis to test that theory; the researcher collects observations, 
and if they match the theoretical context then the hypothesis is confirmed. In this 
study, existing theories formulated by authors from case studies are tested, so the 
approach is deductive.  
 The type of data used for research may be qualitative or quantitative. 
Qualitative data is the information regarding qualities which cannot be measured in 
term of numbers exactly. Quantitative data is an expression of a certain range, 
amount or quantity. In this study, quantitative data is collected from the residents of 
Brisbane through a specially designed survey.  
3.1.2 Research Design 
The research design specifies the methodology for the collection of data and its 
analysis. Possible research designs include case study, action research, survey, 
grounded theory, ethnography, experimental and archival research. Two methods 
have been used in this study; a case study and a survey.  
3.1.3 Case Study 
This study is based on a case study of the Brisbane flood in 2011 and its impact on 
travellers’ decision-making. A case study is an in-depth investigation of a specific 
social occurrence in a particular environment. In this study, it is an empirical 
approach to investigating phenomena occurring in the contemporary environment 
by defining and explaining the safety, time, financial and convenience factors that 
affect travellers’ behaviour in the real world. The data set and variables which are 
extracted from real scenarios are analysed. The case study data was collected from 
several sources for analysis. The primary data is qualitative, framed by relevant 
theory.   
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3.1.4  Research Flow Chart 
The flow chart diagram as shown in Figure 3.1 represents the dependent variable of 
the study, the probability of the residents of Brisbane choosing different modes of 
transportation before, during and after the Brisbane flood in 2011. Independent 
variables include time of transport, cost, safety and cautionary factors, level of 
convenience and whether there was any other mode available than that chosen, as 
well as some socio-demographic factors like age and gender which effected 
people’s decision making. 
 
Figure  3.1 Probable factors that can affect respondent’s selected mode 
This study aims to explore the impact of the independent variables on the 
dependent variable, the probability of choosing transportation modes including car, 
bus, train, bicycle and ferry, and associated decisions made by the public during 
this disastrous event.  
Transportation mode selection 
Time 
Cost 
Safety 
Convenience 
Mode Availability 
Socio-
Demographic 
Factors 
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3.1.5  The Survey and Data Collection 
A survey is a way of collecting data or information by setting a questionnaire based 
on required information: it can be face-to-face, by email or telephone or any other 
medium of communication (Fowler, 2013). In this study, a detailed web-based 
(email) survey was used, and participants were the residents of the Brisbane. 
To observe the impact of the 2011 Brisbane ﬂood on travel behaviour, the 
survey was conducted between 15 March and 26 April 2013. Respondents whose 
travel was affected by the ﬂood were asked about their travel experiences before, 
during, and after the event. To ensure that respondents who used different transport 
modes were recruited, invitations to participate in the survey were distributed at bus 
stations, train stations, ferry stations and bike paths in the Brisbane city area. The 
questionnaire contained four sections: questions about demographics, questions 
related to travel before and during the ﬂood, and questions related to respondents’ 
current travel situation. To increase the response rate, an AU$10 gift card was 
offered as an incentive to complete and submit the survey. Before the ﬁnal survey, 
two pilot surveys were conducted to reﬁne the questionnaire and to strengthen its 
validity and readability. Twenty participants were randomly approached and asked 
to participate in the ﬁrst pilot survey. At the end of this survey, each participant was 
asked to provide speciﬁc comments on the questions. The questions were then 
revised based on this feedback, and translated to the web-based platform. A second 
pilot survey was then implemented by emailing invitations to 15 students and staff 
at Queensland University of Technology (QUT) to test the online platform. The 
online survey platform was subsequently adjusted according to the comments from 
this second pilot survey. 
Besides the strategies discussed above, to further increase the quality of the 
survey data and to minimise potential memory bias because of the two year gap 
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between the ﬂood and the survey, before respondents were allowed to answer 
questions, a description of the ﬂood with some vivid photos taken during the ﬂood 
were presented to respondents to refresh their memories. During these two pilot 
surveys, no issues related to memory bias were raised by the participants. This is 
not surprising because it naturally takes a long time for people in the region to 
forget the enormous damage to the transport network caused by this large scale 
ﬂood (see Section 1), and no other large-scale interruptions have occurred to the 
transport systems in Southeast Queensland over the last two years since the 2011 
ﬂood. The ﬁnal survey was undertaken by 550 respondents who were to some 
extent affected by the ﬂood. Among these, 126 were so severely affected that they 
had to cancel their usual daily trips during the whole ﬂood period; thus, they were 
unable to respond to questions about their travel behaviour during the ﬂood event. 
The average age of the respondents in this survey was 40.7; this compares with the 
2011 35.1 median age of residents in the Brisbane area, as reported by Australian 
Bureau of Statistics (2012). Of the respondents, 370 (57%) were female, and 180 
(33%) were male. According to the ABS, the gender percentages of greater 
Brisbane residents are almost equal: 50.3% female, and 49.7% male. The study 
sample was not an exact representation of the Brisbane population, as it only 
included ﬂood-affected residents. 
One question asked respondents directly about the impact of the 2011 
Brisbane ﬂood on their daily travel behaviour. Besides route changes and mode 
changes, about 67% had to cancel their daily trip for at least one day. 
Although this study focuses on the level of satisfaction regarding factors 
that affected respondents’ choices of transportation mode, information on many 
other important aspects of the ﬂood’s impact on respondents’ travel has also been 
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collected. These include: departure and arrival times, home and destination suburbs 
and postcodes, how and to what extent respondents were affected by the ﬂood, a 
series of questions to bus riders, and a series of questions on respondents’ 
attitudes/perceptions about different transport modes. Answers to these questions 
provide the opportunity to study many other important issues related to travel 
management during a natural disaster. 
3.1.6 Data collection time period 
Two types of time horizon used for research are time series and cross-sectional 
data. Time series data is information of the same observation and from the same 
sample over a period of time. Cross-sectional data is time series data which is 
observed in several units over a specific time period (Anselin, 2013). The time 
horizon used in this study is both time series and cross sectional, because the data is 
modelled in several stages by observing many subjects at the same point of time 
during the flood period. Also, a model describes the relationship between factors 
affecting the sample’s mode of transportation observed at various points in time.  
3.2 PARTICIPANTS 
The purpose of this project is to comprehensively and quantitatively measure and 
model the 2011 flood’s impact on traffic flow and travel behaviour. 
 Passengers at the bus stops, ferry stations, and train stations in the 
Brisbane metropolitan area, and cyclists in the city area were randomly approached 
by handing out the invitation letter. In the invitation letter, instructions on how to 
participate this survey including the web address for the online survey were clearly 
stated. 
 Three types of potential respondents were excluded from this survey: 1) 
any person whose travel was not impacted by the 2011 flood; 2) any person 
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younger than 16 years old; 3) any person working in market research, for a car 
manufacturer, a public transport provider, city rail company, or the city transport 
department. 
 The participant information form was handed into each participant at the 
very beginning of the web-based survey; one section was ‘Consent to Participate’, 
stating that ‘Submitting the completed questionnaire is accepted as an indication of 
your consent to participate in this project.’ The participant information form was 
printed at the back of the invitation letter. 
 The survey involved total 550 participants who were affected by the 
Brisbane flood to some extent. However, 126 respondents were affected quite 
severely as they were forced to cancel their routine trips during the flood; this was 
the reason for their failure to answer the questions about travelling activities during 
the flood.  
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3.3 PROCEDURE AND TIMELINE 
Table  3-1 Time table 
Note: Q stands for quarter (each 3 month) 
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3.4 ANALYSIS 
Data analysis is the core of any study; a number of data analysis models are 
available depending upon the nature of the study, including thematic analysis, 
correlation analysis, T-test analysis, descriptive analysis and regression analysis. 
However, these are general methods, and in this area models change frequently. A 
binomial logistic regression and a multinomial logistic regression has been used in 
this study to analyse the data. A binomial logistic regression is used to predict the 
probability for the various observations to fall into any of the dual groups of a 
dichotomous variable that are dependent, when one or more than one independent 
variables may be either categorical or continuous. The main goal of using the 
logistic regression model is to identify a defensible and well-fitting model that 
explores the relationship between a set of explanatory or independent variables 
and a binary dependent variable (Washington, 2010). Many researchers have 
recommended the use of a logistic regression model to analyse transport data 
(Chatti, 2009; White and Washington, 2001; Wong et al., 2009). 
3.4.1 The proposed modelling methods for the surveys 
Once the information was gathered from the respondents for each survey, the data was 
modelled. The data was analysed using discrete choice models which can estimate 
traveller’s decision-making behaviours and assess the importance of each attribute to 
the respondents. The choices were modelled using NLOGIT and STATA software. 
This section first describes the dependent and independent variables selected in 
surveys, and then it gives an overview of the proposed modelling methods that are 
likely to be used for analysing the data along with their weaknesses and strengths. 
 As mentioned earlier, the survey of transportation mode preferences intends to 
test the preference changes when flood affects the area, and the possible impacts of 
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factors like time, cost, convenience and safety on selected primary modes of transport 
or changes to the mode of travel. Thus, using the binominal logit model for preference 
changes (primary transport mode variations) between two periods of time like before 
versus during the flood, the dependent variable in this study would be coded so that 0 
represents no changes in the preferences, and 1 represents a preference change from 
any type of vehicle or public transportation like car, bus, or train to any other type. 
Since another focus of the survey is the influence of the mentioned factors on a specific 
period such as prior to the flood or after the flood, the outcomes and dependent 
variables are not binary (there are more than two outcomes); therefore, methods such as 
multinomial, probit or mixed logit models were considered. The chosen independent 
variables that might influence respondents’ decision changes for this survey are time, 
cost, safety, convenience, no other mode of transport available, and socio-demographic 
variables (see Table 3.2). It is noteworthy to mention that the targeted independent 
variables were selected based on the literature. Particulalrly, sudies which focused on 
transport and traffic behaviour in elation to natural disasters were reviewed (the reader 
is referred to section 2.6 and 2.7) and appropriate explanatory variabels were extracted 
which are presented in Table 3.2. 
In order to analyse the collected data from respondents who are Brisbane city 
citizens, the dependent variables were identified, as shown in Table 3.2. The binary 
model is used for changes in transportation mode and the multinomial when the level 
of satisfaction with selected modes in one separate period is investigated. Therefore, in 
the next step of the survey, the dependent variables are more than two, thus binary 
models are not suitable. Multinomial, probit or mixed logit models may be more 
appropriate to analyse the data and predict better models to fit the data.  
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Table 3.2: The dependent and independent variables chosen for the surveys 
Surveys Dependent variables Independent variables 
Effect of level of 
satisfaction about 
chosen mode of 
transportation in 
separate durations 
(multinomial logit) 
Probability of choosing any 
modes of transportation that can 
be: car, bus, train, bicycle and 
ferry 
• Time 
• Cost 
• Safety 
• Convenience 
• Not any other mode available 
• Socio-demographic variables 
Relation between 
change in vehicle 
preferences and 
factors during three 
time periods (Binary 
logit) 
Preference changes: 
1. Change in modes equal to 1 
2. No change in mode witnessed 
equal to 0 
• Time 
• Cost 
• Safety 
• Convenience 
• Not any other mode available 
• Socio-demographic Variables 
 
3.4.2 Utility maximisation  
Individuals are known to choose a travel alternative that maximises the utility of the 
service. Each individual values alternatives in a different way by calculating 
mathematically in their minds and putting weight on the different variables. This 
concept is called utility maximisation. For this study, individuals are expected to 
choose a vehicle type based on different attributes such as cost, time, safety and 
level of convenience. It is noteworthy that in the context of choice mdoels, the 
dependant variable is essentially the mode choices that individuals make (i.e.car, 
bus, ferry, train, etc..). The aim in such models is then to compute the probabilities 
of those choices rather than computing the dependant variable itself. 
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According to Train (2009) individual n chooses an alternative (i) with 
highest utility (U) among I alternatives, only if    >      I≠i. The utility function is 
represented as a linear function (See Equation 2) of attributes with their parameters 
to show the importance of the attributes to the individuals (Hensher & Greene, 
2002).  
   =       +       +… +                                                                                 (1) 
Where, 
   , represent the utility function for alternative i for individual n.      represents k 
number of attributes for alternative i and individual n, while     is k number of 
predicted parameters that weigh each attribute. 
However, in behavioural choices, individuals take some other attributes into 
account which are unknown, hidden or unobserved to the researcher. Therefore, 
random utility (Equation 3) is used to include an error term (  ) which is assumed to 
have a distribution. 
   =    +                                                                                                                           (2) 
Where, 
   , represents the measurable components of the utility for alternative i and 
individual n.     is the unobserved term (error term) of the utility for the alternative 
i and individual n. 
The probability (   ) that the alternative i will be chosen over of all the other 
possible choices (I) for individual n, is written as: 
   = P (        )   I i                                                                                                     (3) 
With substituting Equation 3 into Equation 4, the probability of choosing an 
alternative is as below: 
   = P (    -           -   )   I                                                                                   (4) 
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3.4.3 Multinomial logit and probit models 
Multinomial logit and probit models are used when there are more than two discrete 
outcomes. Both models consider distribution for the error term ( ) in the utility 
function. However, in probit models, it is assumed that the error terms are normally 
distributed while in multinomial logit these terms are type 1 distributed. In normal 
distributions, subtraction or summation of two normally drawn values results in a 
normally distributed value; thus    -     in Equation 6 results in a normally 
distributed value. 
   = P (    -           -   )   I                                                                                   (5) 
However, probit multinomial models can be inappropriate in some situations and 
lead to unacceptable forecasts. This is because a proper distribution is the one 
where maximums of the randomly drawn values from a distribution follow the 
same distribution they were drawn from. This, nevertheless, is impossible in the 
case of normal distribution as the addition or subtraction of the maximum values of 
randomly drawn values do not follow a normal distribution (Washington, Karlaftis, 
& Mannering, , 2011). Furthermore, the outcome probabilities in probit models are 
difficult to integrate; therefore, this study will not estimate probit models.  
Multinomial logit models show preferences with the assumption that all 
disturbance terms       are identically and independently distributed (IID) type 1. 
Type 1 distributions have the ability that maximums of randomly drawn values 
from a distribution follow the same distribution that they were drawn from. 
Therefore,         +   ) in Equation 7 is type 1 distributed. 
   = P [(     +               +   )]   I i                                                                  (6) 
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The probability equation of multinomial distribution is based on the utility 
maximisation function and is written as: 
   = 
         
∑         
   I                                                                                                           (7) 
Or, 
   = 
           
∑          
      I                                                                                                      (8) 
Where, 
   , represents the probability that individual n chooses alternative i.      is the 
utility function that individual n chooses alternative i, and    is the predicted 
parameters.  
Estimation of parameter β can be found from the below log-likelihood function: 
LL= ∑      ∑    
 
   [     - LN ∑  EXP       ]                                                              (9) 
Where,     equals to 1 when the individual n chooses alternative i, zero otherwise. 
Multinomial logit has been used frequently in the literature because of its 
convenience and ease of use (Bunch et al., 1993); however, this approach has its 
own limitations. Multinomial logit only allows for independence of irrelevant 
alternatives (IIA) and cannot accommodate correlation among choices and error 
terms. From the modelling perspective, these are big weaknesses of this model. 
Multinomial logit will be used to analyse the data in this study; meanwhile, the 
possible correlation among choices and error terms will be tested.  
3.4.4 Mixed logit model 
Simple models such as binomial logit models cannot properly accommodate the 
heterogeneity of the responses, while models like mixed logit allow for 
heterogeneity among the individuals’ preferences (Louviere, Hensher, & Swait, 
2000). As mentioned earlier, logit models have some restrictions such as the IIA 
condition. In addition to that, there should be no correlation between error terms. 
 Page 72 
© 2016 Amir Pourfarzad Page 72 
Thus, logit models might not be suitable for analysing panel data since the 
unobserved factors are correlated during the study for each individual, as they keep 
repeating the same error or considering the same unobserved variables while being 
studied. Moreover, Logit models use fixed parameters for all the observations and 
cannot account for the sensitivity of each individual for a variable; therefore the 
results might not be precise in some cases (Washington, Karlaftis, & Mannering, , 
2011).  
Analysing SP and RP data usually results in correlation in unobserved 
attributes when a person repeats a series of choice sets (Brownstone et al., 2000). 
However, the IID assumption in multinomial logit does not allow the error terms of 
different alternatives to be correlated. In order to overcome these correlations, a 
mixed logit (or random-parameter) model was developed to include correlation of 
unobserved attributes and permit parameters to vary across observations. Therefore, 
in contrast to the multinomial logit model, in mixed logit models, parameters are 
not fixed for the entire sample and they are treated as stochastic effects (Greene & 
Hensher 2003).  
The advantage of using a mixed logit model is that it does not make 
assumptions about the distribution of parameters across the sample. However, 
analysing, estimating and interpreting the parameters in mixed logit models is 
somewhat difficult and time-consuming. 
Equation 11 defines the conditional probability formula for the individual n 
choosing alternative i. 
   
 = ∫        (β| )d                                                                                                                 
(10) 
Where, 
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  is not observed and is the stochastic term,   is the parameter distribution of   
(such as mean and variance) across the sample and  (β| ) is the density function of 
β and  . 
By substituting multinomial logit probability into Equation 11, the mixed logit 
probability can be shown as below: 
    
 =∫
            
∑             
  (β| ) dβ                                                                                                    
(11)                                                               
In general, mixed logit is the integral of a simple logit choice probability 
equation evaluated by different values of βs. In a simple situation where β is fixed, 
 (β| ) = 1, this formula (Equation 12) represents a standard multinomial logit 
model probability formula (Washington, et al., 2011).  
The integral in the likelihood formula does not have a closed form for 
mixed logit models; therefore, simulation must be applied to the likelihood formula 
(See Equation 12)                                         
LL= ∑      ∑    
 
    LN (   
  ]                                                                                         (12)  
 Where,  
N is the total number of individuals, alternative i will be chosen over of all the other 
possible choices I for individual n, and     equals to 1 when the outcome for 
individual n is i and zero otherwise. The value of β will be drawn from  (β| ) so 
that with the small number of draws, the probability will be achieved correctly. 
3.4.5 Goodness-of-fit measurements 
Goodness-of-fit (GOF) measures are calculated to assess the performance of a 
statistical model and whether the model predicts the data well. GOF measurements 
provide information about whether an added parameter improves a model or not 
and also compares the best predictive models for a set of data. Two of the 
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measurements that test the models are identified in this section, including ρ-squared 
and likelihood ratio test. 
3.4.6  -squared 
   is a measurement that compares the estimated model to a model where all 
parameters are assigned as zeros (base model). The ratio is between 0 and 1 and a 
high amount of    (for example 0.98) represents a perfect fit, which is practically 
impossible in preference studies. Since people’s preferences vary a lot in one 
sample population, a low  -squared is not considered a big problem in preference 
studies. Generally, a higher    value represents more homogeneity in data. The  -
squared formula is shown as below: 
  =1-
   
   
                                                                                                                           (13) 
Where, 
   , is the likelihood function of the estimated model and     is the likelihood 
function of the base model with no parameters. 
With an increase in the number of parameters, the adjusted  -squared 
should be tested as well. If the value of the adjusted  -squared increases with the 
increase in the parameter in one model, it can be concluded that heterogeneity 
exists in the data. The adjusted  -squared is described as: 
  =1- 
     
   
                                                                                                                      (14) 
Where, p is the number of the coefficients. 
3.4.7 Likelihood ratio 
Another popular model’s GOF measurement is the likelihood ratio test. It has a 
similar function to  -squared and it is based on a likelihood function with the ratio 
between 0 and 1. The likelihood ratio is calculated by dividing the estimated model 
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by the base model with no parameters. A higher number of this ratio means that the 
model estimated the data well. Below is the likelihood ratio test formula: 
D= -2(   -   )                                                                                                                (15) 
Where D represents the likelihood ratio of the models. 
3.4.8 Akaike Information Criterion (AIC) 
Another widely used measure of fit in the context of choice mdoels is the Akaike 
Information Criterion (AIC) which is the penalaized version of the Lilelihood Ration 
Test (abovementioned). This measure penalizes the likelihood values per number of 
psarameters that are being estimated. The AIC can be calculated a sin the following:  
AIC = -2×LL + 2×P 
where LL is the likelihood and P is the number of parameters being estimated in the 
model. The model with the least AIC value is introduced as the best model. 
3.5 ETHICAL CONSIDERATIONS  
Since quantitative research methods were adopted by conducting a survey of 
the residents of Brisbane, the following ethical considerations were relevant for this 
case study. While collecting data for this study, the researcher has considered all 
possible ethical concerns associated with privacy, justice, autonomy, and beneficial 
effects. A consent form is a necessary part of primary research design, as first-hand 
data is collected from respondents. The participants were approached with a 
consent form which clearly explained the topic, purpose and aim of the research. 
Additionally, all of 550 participants were assured of the confidentiality of their 
identity and responses individually. They were also assured that soon after 
completion of the documentation their responses would be discarded.  
Queensland University of Technology’s ethics approval number for this 
research is 1200000532. Respondents were informed:  
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All comments and responses are anonymous and are treated confidentially. The 
names and contact information of individual persons are only required if you want 
to enter the prize draw and such information will be separated from the survey 
body. Any data collected as part of this project will be stored securely as per QUT’s 
Management of research data policy. 
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4Chapter 4:  Results 
 
The results of this experiment are based on answers from 500 respondents. Figures in 
this chapter illustrate characteristics of the target group and the resulting sample. Some 
general characteristics of the study’s respondents are presented in Figures 4.1 to 4.5 
The main variables used in this study are summarised in Figures 4.6 to 4.17. 
4.1 PRELIMINARY ANALYSIS OF RESULTS  
4.1.1 Socio-demographics  
General characteristic of the respondents are presented in the figures below. All 
respondents were divided into three age group categories (as shown in Figure 4.1). It 
can be seen that the survey includes 370 (57%) females and 180 (33%) males. 
The minimum age for people to legally drive a car in Queensland is 16 years. 
Therefore, people aged under 16 were omitted from the survey. On the other hand, to 
model the effect of age on decision making about preferred transport modes, all age 
groups were divided into three: young (16-30 years old), middle aged (31-50 years old) 
and old (51 and more years). The average age of respondents was 40.2 years old.  
A question was asked the respondents at the end of the survey about the impact 
of the 2011 Brisbane flood on their daily travel behaviour. Investigating the records 
revealed, almost 67% had to cancel their daily trip for at least one day, besides route 
changes and mode changes throughout the duration of the flood. Demographic 
questions yielded  information about the respondents’ level of education and the nature 
of their households. Results are shown in following figures. Figure 4.3 shows that 
almost 41% of respondents were graduate or postgraduate. Approximately 30% of all 
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respondents had grade 12 or lower education levels. Therefore, in terms of education 
the survey was not homogeneous. 
  
 
Figure  4-1 Age category 
 
Figure  4-2 Age category 
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Figure  4-3 Education 
 
Figure  4-4 Household structure 
 
Figure  4-5 Employment 
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4.1.2 Primary and secondary transport mode preferences 
Of all the respondents, data about the percentage of selected primary transport mode 
and numbers of respondents at three stages of time (before, during and after the flood), 
showed that car was the preferred mode for the majority of people. Almost 69% of the 
respondents before the flood, 72% during and 70% after the flood used their own cars 
to transfer from their source to destination. Of all types of public transportation the 
most significant was bus travel. Based on the survey results, before the flood 14% of 
people chose to use a bus as their transport mode, and this proportion decreased slightly 
to almost 13% during and after the flood. As far as the other modes of public transport 
are concerned, train was the next preferred mode for all three periods (before, during 
and after flood). It is of note that in Brisbane the train network distribution is not 
optimised and therefore some suburbs don’t have access to trains at all. That may 
explain why respondents’ preferences were for bus rather than train travel. As Figure 
4.6 shows, in all periods of time ferries were the last choice for people as their mode of 
transport. On rare occasions some people used a bicycle; the percentage of bicycle 
riders fluctuated but was almost 1% during the flood, and less than1% before and after 
the flood. 
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Figure  4-6 Percentage of selected primary transport mode 
 
Figure  4-7 Primary transport mode 
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In contrast, for both during and after the flood the most significant choice was the car. 
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The third preferred secondary transport mode changed from train (14%) before 
the flood to train and bicycle (9% for both) during the flood. After the flood, the train 
(15%) was the third preferred mode of public transport. 
The ferry was the least preferred type of transportation that people chose within 
all three periods.  
 
Figure  4-8 Percentage of secondary transport mode 
 
Figure  4-9 Secondary mode of transport 
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time effectiveness; the most convenient mode; safest mode; exercise (which may be the 
reason for choosing the bicycle); weather and others. 
Figures number 4.10-11 illustrate that within all durations, selecting the most 
convenient way of transport was the first priority for people. Another reason why 
people chose a type of transportation was no access to any other available mode. 
Almost 24% believed that no other available mode before the flood was the reason for 
their selected mode. The percentage who mentioned this reason increased to 31% 
during the flood and decreased to 20% after the flood. The increase during the flood is 
explained by the damage and disruption that occurred to road and train networks in the 
whole state of Queensland during the flood. The scale of damage was so huge that 
there were no alternatives to the only available and accessible mode at the time of the 
flood. 
The third important and crucial factor for all periods of time (before, during and 
after the flood) was time efficiency. It can be said that choosing the fastest mode was 
an important consideration for respondents during the flood. The survey results and 
figures revealed that for respondents, a fourth significant factor that influenced choice 
of transport mode in all periods was cost. The whole expense, including trip cost and 
maintenance, was an important factor for respondents. 
Finally, the figures demonstrate that safety had no significant effect on 
respondents’ choices of travel mode.  Although people’s focus on safety increased to 
4% during the flood compared to 1% beforehand, their intention to travel safely fell 
dramatically to less than 7% after the flood.  
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Figure  4-10 Percentage of reasons for primary mode 
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Figures 4.12-14 show the reasons for respondents’ decisions about their secondary modes of 
transport before, during and after the flood. 
Multiple choices were available for participants, as with the reasons for choosing 
primary mode of travel, such as: no other mode available; cheapest mode compared to other 
available modes; fastest mode (time efficiency), the most convenient mode, safest transport 
mode, exercise (which may be the reason for choosing bicycle), weather and others. 
The figures illustrate that within all the time periods, selecting the most convenient way 
of transport was the most common response. However, the percentage of choices of the most 
convenient mode decreased gradually from before the flood (44%) to during the flood (40%) 
and showed the lowest measure after the flood (30%). The second reason for people’s choice of 
transport mode was the time dedicated to their trips from their sources to destinations. Almost 
19% before the flood believed that the travel time efficiency of the mode was the reason for 
their choice, and this figure decreased to 13% during the flood and increased to 21% after the 
flood.  
However, the third important and crucial reason in selecting secondary transport mode 
for before flood was less expensive way and exercise (same values of 13%). Besides, during the 
flood safest mode was the third priority which changed to exercise after flood. The survey data 
revealed that for respondents during the flood weather circumstances and change in 
environmental condition plays a significant role which forced them to choose a secondary mode 
of transport and change their primary mode. 
It can be clearly described that level of safety importance showed a dramatic rise during the 
flood (12%) compared to before flood (2%). In contrast, as we are going through periods to 
after flood, trend inclined to 9%. 
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Figure  4-12 Percentage of reasons for secondary mode 
 
Figure  4-13 Reasons of secondary transport mode 
 
Figure  4-14 Level of satisfactory about transport modes 
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Figure 4.14 illustrates the level of satisfactory about selected transport mode. Respondents 
rated the satisfactory level about transportation modes that they have been using in various 
durations; which vary from extremely satisfied to extremely dis-satisfied. 
Analysis of data obtaining from respondents showed that level of extreme satisfied and 
satisfied people decreased during the flood compare to before period and rose up back to 
approximate same measure after flood of Brisbane. 
In contrast, level of dissatisfied and extremely dissatisfied participants attending the survey 
during the flood compare to before flood period showed a substantial grow. However, 
accumulate level of dissatisfactory after flood decreased and reached approximately to same 
amount of before flood. 
The fall in level of satisfactory and raised in level of dissatisfactory at the time of Brisbane 
flood, can be justified and compromised with decrease in level of public transport services 
and damages that imposed to urban and rural roads. 
Figures 4.15-17 show respondents answers before, during and after the flooding, that to 
what extent did factors such as travel time, cost, safety and convenience influenced their 
decision on choosing a transport mode? They have rated effective factors through the 5-
point scale, 1 for ‘strong influence’ 2 for ‘influence’3 for ‘neutral’ 4 for ‘no influence’ and 
5 for ‘no influence at all’  
Focusing on after flood period results indicated that convenience has major effect on their 
decision making and the least significant character that influence their selected mode of 
transport was cost. 
In case we accumulate the result of strong influence and influence together also, sum up the 
obtained result for not influence at all and no influence , it can be clearly concluded that 
before flood nearly 78% of participants believe in convenience as most important factor 
effecting their selected mode of transport while, it changed to 51% for cost respectively.  
 Page 88 
© 2016 Amir Pourfarzad Page 88 
 
Figure  4-15 Factors impact on decision making before flood 
 
Figure  4-16 Factors impacted on decision making during flood 
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flood duration of time , diagrams are showing that in people’s idea Convenience impacted 
their decision more than other factors. Furthermore, travel time is the second important 
factor influenced on preference. On the other hand, percentage of respondents that rated the 
cost and safety influence on selected mode were approximately the same (for cost ‘49%’ 
and for safety ‘46 %’)  
However, when concentrate of study was on during the flood, results are following the same 
trend. For during flood period, convenience impacted peoples travel behaviour the most and 
cost had the minimal effect and influence on their mind and preferred mode. 
The proportion of people which believed that convenience factor effected their selected 
mode during flood was 78% while this measure for travel time, safety and cost were 
73%,72% and 38% respectively. 
Focusing on after flood period results indicated that convenience has major effect on their 
decision making and the least significant character that influence their selected mode of 
transport was cost(similar to before flood period). 
Employment status, Household structure is not significantly associated with selected 
transport mode in different periods of time. Hence, many other factors potentially have 
significant linkage to people’s decision making such as Age, Gender, access to own car, etc. 
While such information is important and useful (e.g., it can help to configure an initial 
model specification in the modelling analysis), it also implies the necessity of conducting 
meticulous modelling analysis using well-established statistical techniques to further 
scrutinise and quantify the linkage between these promising factors and preferred 
transportation mode. Thus, in the next section, variation of selected transport mode before, 
during and after flood of Brisbane 2011 are modelled and explained. Additionally, 
behavioural consequence of flood and harsh environmental incident is quantitatively 
compared, and modelled. More specifically, we investigated the potential impact of travel 
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time, cost, convenience and level of comfortability and socio- demographic factors on 
probability of choosing any specific transport mode either public or private.  
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5Chapter 5:  Analysis and discussion 
 
5.1  BINOMIAL LOGIT MODEL 
5.1.1 General 
This section presents the analysis of people’s level of satisfaction about factors affecting their 
selection of transport modes and the impact of these factors on their travel behaviour at different 
stages of the 2011 Brisbane flood. Two methods were found to be suitable to develop statistical 
models, binary logit and multinomial logit. Binary logit regression is a standard technique for 
modelling discrete outcomes (Hosmer and Lemeshow, 2004; Washington et al., 2010). 
Multinomial logit is useful in cases that focus on multiple dependent variables. 
A sequence of fixed-effect binary logit models were developed as a function of a variety 
of factors, including socio-demographic background (gender and age), and the effect of travel 
time, cost, safety, and convenience on trip planning and primary transport mode before, during, 
and after the 2011 Brisbane flood. The dependent variable is the type of transportation mode 
and change in transport mode in some cases (where 1 reflects change and 0 reflects no change). 
These data could be treated as panel data because each respondent’s perceptions of the 
importance of travel information was questioned for three periods: before, during, and after the 
flood. As discussed, to accommodate the potential correlations among the three observations of 
each individual, a binary logit model was appropriate. After estimating and comparing 
numerous models, the best performing fixed-effect binary logit and multinomial logit were 
selected; this is presented in Tables 5.2-11 below. It is important to point out among all the 
models the superior model with the least AIC and Log likelihood value was introduced as the 
best model. As shown, the model demonstrates an excellent fit to the data. 
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Table 5-1 describes independent variables which were used in both binary and multinomial 
models.  
 
 5-1 Definition of independent variables included in the study  
Vaiable name  Variable Definition  
Time  
An indicator of travel time as respondants reason to select transport mode  
Cost 
An indicator of cost as  respondants reason to select  transport mode  
Safety 
An indicator of safety as  respondants reason to select  transport mode  
Convenience 
An indicator of convenience as respondants reason to select  transport mode  
No other mode available 
An indicator of lack of modal alternative 
Young 
Socio-Demographic atributes of respondants: age group 16-30  
Mid-age 
Socio-Demographic atributes of respondants: age group 31-50  
Old Socio-Demographic atributes of respondants: age group 51 and more years   
Gender Socio-Demographic atributes of respondants: female/male 
No access to own car 
An indicator of lack of access to car as respondants reason to select transport 
mode 
Own a car 
An indicator of car ownership for respondants 
Work car 
An indicator of access to work/company car as respondants reason to select 
transpot mode  
Shared car An indicator of access to  shared car as respondants reason to select transpot mode  
Car for work 
An indicator of vehicle requirement   to fulfil  work-related duties as the reason to 
select transport modes  
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It should be mentioned that in order to statistically assure whether the changes in transport 
modes are significant, appropriate statistical tests such as Chi square or Fisher’s exact tests 
can be used. However, the Chi square test cannot be applied on the dataset used in this tudy 
due to small number of respondants in some categories. For example, the responses in the 
“No Influence at all” category were very limited number. On the other hand, the Fisher’s 
exact test was employed on the same exact dataset in a previous study (Zheng et al., 2015) 
which showed the significance of the differences in responses . Hence, the result of this 
study was adapted in this research.  
5.1.2 Impact of factors before flood on mode change: before vs. during the flood  
Table 5-2 presents the results of the binomial logit model applied to the change of transportation 
mode preferred by users before and during the flood. Out of  all variables investigated, the only 
significant variable was the level of convenience.  
 As shown in Table 5-2, convenience had a significant impact on transport mode change 
before compared to during the flood. The effect of convenience on respondents’ trip planning 
was significantly negative and correlated to their transportation mode variations. More 
specifically, controlling the coefficient revealed that convenience was an important factor in 
choice of mode, with a 1% increase in level of importance consequently, exp(-0.368)-
1×100%=31% probability of mode change decreased.  
Table  5-2 Results of the binomial logit model before flood - mode change before compared to 
during the flood 
Overall goodness-of-fit         
Log likelihood= -162.91641 AIC = 329.832  Significance level<.005   
Attributes Coefficient Standard error z Prob |z|>Z 
Constant 3.936 1.350 2.92 0.004 
Convenience  -0.368 0.197 -1.87 0.062 
Note:  Significance at 5%. All attributes shows factors that affected the selected mode of transport 
before flood. Respondents’ answers are on 5 point scale: 1 for ‘very strong influence’; 2 for ‘strong 
influence’; 3 for ‘neutral’; 4 for ‘no influence’; and 5 for ‘no influence at all’.  
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5.1.3 Impact of factors before flood on mode change: before vs. after the flood  
Table 5-3 reveals the results of the binomial logit method applied to changes in the 
transportation mode preferred by users before and after the flood. Out of all independant 
variables investigated, the only significant variable was the level of safety. To better understand 
the respondents’ perception of factors and their impact on mode changes before compared to 
after the flood, the binary logistic model of travel mode change as a function of travel time, 
cost, convenience, safety, and socio-demographic features (age and gender) was developed. It 
can be clearly seen that safety has a major negative effect on transport mode changes. To 
correctly interpret these results, it is logical to compare the correlation between safety and 
change of selected mode. Those who believed that safety is an important factor reported a 26% 
decrease in the probability of changing mode from before to after the flood. 
Table  5-3 Results of the binomial logit model before flood - mode change before compared to after 
the flood  
Overall goodness-of-fit         
Log likelihood=  -176.70266 AIC=357.404  Significance level<.005    
Attributes Coefficient Standard error z Prob |z|>Z 
Constant 2.295 1.260 1.82 0.069 
Safety -.307 0.156 -1.97 0.049 
Note:  Significance at 5%, level. All attributes shows factors that affected selected mode of 
transport before flood. Respondents answers are on 5 point scale : 1 for ‘very strong influence’; 2 
for ‘strong influence’; 3 for ‘neutral’; 4 for ‘no influence’; and 5 for ‘no influence at all’. 
 
5.1.4 Impact of factors during flood on mode change: during vs. before the flood  
Table 5-4 shows the results of the binomial logit analysis of changes in the transportation mode 
preferred by users during the flood compared to before the flood. Out of all independant 
variables explored, no significant variable was found.  
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Table  5-4 Result of the binomial logit model during flood - mode change during compared to before 
the flood 
Overall goodness-of-fit         
Log likelihood= -123.64997 AIC= 249.3  Significance level<.005   
Attributes Coefficient Standard error z Prob |z|>Z 
Constant 3.043 1.427 2.13 0.033 
Note: Significance at 5%. All attributes show factors that affected selection of mode of transport 
during flood. Respondents’ answers are on a 5 point scale: 1 for ‘very strong influence’; 2 for 
‘strong influence’; 3 for ‘neutral’; 4 for ‘no influence’; and 5 for ‘no influence at all’. 
 
5.1.5 Impact of factors during flood on mode change: during vs. after the flood  
Table  5-5 Result of the binomial logit model during flood - mode change during compared to after 
the flood 
Overall goodness-of-fit         
Log likelihood= -70.20829 AIC= 142.416  Significance level<.005    
Attributes Coefficient Standard error z Prob |z|>Z 
Constant -14.220 4340.635 0 0.997 
Note: Significance at 5%. All attributes shows factors affected selected mode of transport during 
flood. Respondents’ answers are on 5 point scale: 1 for ‘very strong influence’; 2 for ‘strong 
influence’; 3 for ‘neutral’; 4 for ‘no influence’; and 5 for ’no influence at all’. 
 
5.1.6 Impact of factors after flood on mode change: after vs. before the flood  
While the analysis shows no significant association between respondents’ perception of the 
importance of the selected factors on transport mode changes on during the flood, it clearly 
shows a significant correlation between the respondents’ ideas after the flood, as shown in 
Table 5-6. 
Table  5-6 Result of the binomial logit model after flood - mode change after compared to before the 
flood                                                                                                                          
Overall goodness-of-fit         
Log likelihood= -176.02318 AIC= 356.046  Significance level<.005   
Attributes Coefficient Standard error z Prob |z|>Z 
Constant 1.846 1.244 1.48 0.138 
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Time 0.454 0.188 2.41 0.016 
Note: Significance at 5%. All attributes shows factors affected selected mode of transport after 
flood. Respondents’ answers are on 5 point scale: 1 for ‘very strong influence’; 2 for ‘strong 
influence’; 3 for ‘neutral’; 4 for ‘no influence’; and 5 for ’no influence at all’. 
 
Meanwhile, as shown in Table 5-6, the binomial logistic analysis revealed a significant 
correlation between factors important to the respondents such as time of modes after compared 
to before, when odds and their perceptions of the importance of factors are concentrated. 
 More specifically, when controlling for other factors, for a respondent who thought that 
travel time was important, the estimated odds and probability of changing transport mode 
increased by exp(0.454)-1×100%=57%. 
5.1.7 Impact of factors.after flood on mode change: after vs. during the flood  
Table 5-7 presents the results of the binomial logit model applied to changes to the 
transportation mode preferred by users after and during the flood. Out of all independent 
variables investigated, the only significant variable was dedicated travel time. Potential links 
between the importance of factors and mode change after compared to during the flood were 
analysed. The results reveal that time was the only significant factor. 
Table  5-7 Result of the binomial logit model after flood - mode change after compared to during the 
flood                                                                                                                          
Overall goodness-of-fit         
Log likelihood= -104.4839 AIC=212.966  Significance level<.005    
Attributes Coefficient Standard error z Prob |z|>Z 
Constant -11.336 1227.433 -0.01 0.993 
Time 0.595 0.238 2.5 0.012 
Note: Significance at 5%. All attributes shows factors affected selected mode of transport after 
flood. Respondents’ answers are on 5 point scale: 1 for ‘very strong influence’; 2 for ‘strong 
influence’; 3 for ‘neutral’; 4 for ‘no influence’; and 5 for ’no influence at all’. 
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5.1.8 Impact of difference in factors’ influence on mode change: before vs. after the flood  
Table 5-8 shows the comparative effect of factors on mode change before compared to after the 
Brisbane flood. Binary logistic analysis showed that cost is perceived as significantly affecting 
mode changes. In another word, higher respondents’ level of satisfaction about cost decreases 
the chance of changing modes before and after the flood by 30%. 
 In contrast, lack of transport mode options in terms of public transport significantly 
increased the probability of changing modes which leads them  more likely to use their own 
vehicles. For the majority of Brisbane’s population their second choice may be using their own 
vehicle. The reason might be an inefficient and poorly distributed public transport network. The 
estimated odds of changing transport modes increased by 99% for a respondent who thought 
that there was no other transport mode available. 
Table  5-8 Binomial logit difference in factors’ influence on probability of variation before 
compared to after flood 
Overall goodness-of-fit         
Log likelihood= -167.931 AIC=341.862  Significance level<0.005   
Attributes Coefficient Standard error z Prob |z|>Z 
Constant 1.719 1.153 1.49 0.136 
Cost -0.362 0.122 -2.96 0.003 
No other mode available 0.693 0.259 2.67 0.008 
Note: Significance at 5%. All attributes shows factors affected change mode of transport before 
compared to after flood. Respondents’ answers are on 5 point scale: 1 for ‘very strong influence’; 
2 for ‘strong influence’; 3 for ‘neutral’; 4 for ‘no influence’; and 5 for ’no influence at all’. Change 
in transport mode equals 1. No change in transport mode equals 0. 
 
5.1.9 Impact of difference in factors’ influence on mode change: before vs. during the flood  
Table 5-9 presents the results of the binomial logit model applied to factors affecting changes in 
the preferred transportation mode by users before compared to during the flood. The table 
shows age significantly impacted on transport mode variation when the periods of before and 
during the flood were compared. For young participants compared to middle aged and older 
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generations, the intention to change modes was negative. Less cautious behaviour and attitudes 
when young people encounter harsh environmental conditions might explain this difference. 
Young people’s changes in mode of travel decreased by 74% during the flood compared to 
before. 
 Binary logistic analysis revealed that people believed convenience was important; it had 
a marginally positive effect on changing the modes. Without doubt, the management of 
transport networks is challenged in abnormal conditions such as the Brisbane flood, which 
increases the probability of changing mode (exp(0.337)-1×100%=40%). 
Table  5-9 Binomial logit difference in level of satisfaction on probability of variation before 
compared to during flood 
Overall goodness-of-fit         
Log likelihood= -131.084 AIC=268.168 Significance level<.005;   
Attributes Coefficient Standard error z Prob |z|>Z 
Constant 2.695 1.464 1.84 0.066 
Young -1.335 0.483 -2.76  0.006 
Convenience 0.337 0.186 1.81 0.070 
Note: Significance at 5%. All attributes shows factors affected change mode of transport before 
compared to during flood. Respondents’ answers are on 5 point scale: 1 for ‘very strong 
influence’; 2 for ‘strong influence’; 3 for ‘neutral’; 4 for ‘no influence’; and 5 for ’no influence at 
all’. Change in transport mode equals 1. No change in transport mode equals 0.Change in transport  
 
5.1.10 Impact of difference in factors’ influence on mode change: during vs. after the flood  
Table 5-10 demonstrates the results of the binomial logit model applied to the change of the 
preferred transportation mode by users during compared to after the flood. Potential links 
between respondents’ perceptions of the importance of time, cost, convenience, safety and 
socio-demographic factors and consequent change of travel/traffic behavior were investigated. 
 The results revealed that age had a significant impact on mode changes. More specifically, 
while for young respondents an increase of [exp(1.029)-1]×100%= 179% in mode changes was 
shown for after the flood, middle aged respondents showed only a marginal intention to change 
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their primary selected mode after flood. Time was found to marginally affect the variations. For 
participants for whom travel time is important, the probability of change in modes after the 
flood rose by 47%. It can be concluded that after suffering all features of the flood, people 
preferred a mode of transport which was more time efficient. 
 
Table  5-10 Binomial logit difference in level of satisfaction on probability of variation during 
compared to after flood 
Overall goodness-of-fit         
Log likelihood= -103.387 AIC=214.774  Significance level<.005;   
Attributes Coefficient Standard error z Prob |z|>Z 
Constant 1.611 1.581 1.02 0.308 
Young 1.029 0.537 1.92 0.055 
Time 0.386 0.208 1.86 0.064 
Middle aged 0.807 0.437 1.85 0.065 
Note: Significance at 5%. All attributes shows factors affected change mode of transport during 
compared to after flood. Respondents’ answers are on 5 point scale: 1 for ‘very strong influence’; 
2 for ‘strong influence’; 3 for ‘neutral’; 4 for ‘no influence’; and 5 for ’no influence at all’. 
Change in transport mode equals 1. No change in transport mode equals 0.Change in transport 
Change in transport mode equals to 1. No change in transport mode equals to 0. 
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5.2 MULTINOMIAL LOGIT MODEL 
5.2.1 Influence of factors on probability of choosing  transport modes (before flood) 
Table  5-11 Multinomial logit before flood 
Overall goodness-of-fit 
    Log likelihood= -477.33696; AIC=982.732, Significance level<.001, .005, .01 
Multinominal logistic   
Attributes Coefficient Standard error z Prob |z|>Z 
Constant 1.438 0.396 3.63 0.000 
Cost 1 -.421 0.103 -4.08 0.000 
Safety 1 .832 0.143 5.83 0.000 
Own a car 1 1.330 0.259 5.15 0.000 
safety 2 .680 0.166 4.11 0.000 
Convenience 2 -.474 0.120 -3.97 0.001 
Young 2 .839 0.298 2.82 0.005 
No access to own car 2 1.929 0.392 4.92 0.000 
Safety 3 .676 0.172 3.92 0.000 
Convenience 3 -.3218 0.121 -2.67 0.008 
Not other mode available 3 -2.997 1.013 -2.96 0.003 
Mid-age 4 -2.977 1.042 -2.86 0.004 
Old 4 -2.496 1.039 -2.4 0.016 
Own a car 5 .843 0.394 2.14 0.032 
Note: Significance at 1%, 5%, 10% levels. All attributes with no, 1 reflects the effect of factors on 
car choice. All attributes with no. 2 reflect the effect of factors on bus choice. All attributes with 
no. 3 reflect the effect of factors on train choice. All attributes with no. 4 reflect the effect of 
factors on bicycle choice. All attributes with no. 5 reflect the effect of factors on ferry choice. 
 
To shed more light on this issue, separate models have been developed for different flood 
stages and summarised. Multinomial logit models are created by differentiating respondents 
in terms of the factors that they believed impacted their selected transport mode in specific 
periods of time such as before the Brisbane flood of 2011. 
Table 5-11 presents the results of the multinomial logit model applied to the 
probability of choosing modes before the flood. For mode 1, which indicates the probability 
of choosing car as a mode of travel before the flood, factors such as cost, safety and owning 
a car show significant correlations. While safety and having access to one’s own car are two 
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positive factors, cost plays a negative role. With an increase in expenses such as 
maintenance or fuel consumption, the possibility of choosing car as a mode fell. 
Other factors such as safety, not possessing a car, and age impacted the possibility of 
bus usage as a transport mode positively and significantly. (Note that characteristics 
affecting the probability of selecting bus as a transport mode are shown as no. 2 in the 
table). Being in a young age group increased the probability of choosing bus transport. The 
results show that of the three age group categories, young respondents (17-30) showed more 
preference for bus travel compared to middle aged or old groups. 
In contrast, convenience significantly decreased the possibility of using bus 
transport; that is, people that believed convenience was an important factor in choosing 
transport mode, the probability of choosing bus travel for convenience decreased. The 
multinomial logit model showed that the probability of selecting train travel had a 
significant correlation with the three factors of safety, convenience and no other mode 
available than the current selected mode.  
Safety considerations increased the probability of choosing train as public transport 
(Coefficeint=0.676). On the other hand, when convenience was important, train was not 
considered a suitable choice. Therefore, the possibility of choosing train travel decreased. A 
similar negative effect was revealed for bus travel. 
Those choice preferences suggest that people perceived that before the flood, train 
and bus were not convenient modes of public transport. Lack of any other accessible mode 
had a significant negative effect. A negative coefficeint of -0.322 reveals that coverage of 
Brisbane by the public transport networks in 2011 before the flood was not perceived as 
well distributed and organised. 
Further analysis of the results shows that socio-demographic characteristics such as 
age had a significant negative association with the probability of choosing bicycle as a 
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mode of transport. Neither middle aged nor older respondents chose bicycle for transport, as 
a decrease of -2.98 and -2.50 in coefficients respectively show. 
On the other hand, Potential links between the factors and the probability of 
choosing ferry as a transport mode before the flood were investigated and modelled. The 
only factor that positively influenced this mode selection was owning a car. In Brisbane, the 
ferry is a convenient and affordable way to cross the river for people that are not able to 
afford a car park for their own personal vehicles in the city. 
5.2.2 Influence of factors on probability of choosing  transport modes (during flood) 
The multinomial logit model was used to analyse travel choices during the Brisbane flood 
of 2011. Table 5-12 shows the results for choice probability in the sample population. Table 
5-12 shows that time and convenience significantly influenced the probability of car choice. 
Consideration of the time factor resulted increase in the possibility of selecting a car as the 
mode of transport. This coefficient altered to 0.886 when convenience was considered. 
The factor ‘no other mode available’ had a positive effect on the choice of car travel 
and use of a private vehicle to transit from source to destination during the flood ; ‘no 
access to their own car’ decreased the probability of choosing car travel (coefficient=2.49). 
When convenience was important, car was a significant choice for mode of transport 
(increase in probability is shown in Table 5-12). Of the age groups, middle aged 
respondents were most likely to use their own car during the flood because they were 
chasing the most reliable mode. 
In regard to bus, the optimised model revealed that time, safety, convenience and 
age factors played a significant role. For respondents for whom time and convenience were 
important, the results indicated that the probability of bus selection increased. 
For old people, bus was not a preferred travel mode during the flood, which leads to 
decrease in the probability of using the bus. Safety had a negative impact on choosing bus 
 Page 103 
© 2016 Amir Pourfarzad Page 103 
as a transport mode. The reason may be that much damage happened to bus routes during 
the Brisbane flood. 
 The younger generation were the only age category which selected bicycle as their 
alternative mode of transport during the flood (coefficient = 1.675). 
Table 5-12 indicates that during the flood, convenience had a positive correlation 
with the choice of train as a transport mode when people were making decisions.  
On the other hand, while potential link between factors and probability of choosing modes 
during flood specifically for ferry was investigated, the only significant factor was cost with 
increase in coefficient ad also possibility(.397). 
Table  5-12 Multinomial logit during flood 
Overall goodness-of-fit         
Log likelihood=  -342.07176; AIC=710.142, Significance level<.001, .005, .01 
multinominal logit   
Attributes Coefficient Standard error z Prob |z|>Z 
Constant -2.690 0.531 -5.07 0 
Time 1 .494 0.143 3.45 0.001 
Convenience 1 .886 0.186 4.76 0.000 
Not other mode available 1 1.322 0.305 4.34 0.000 
Middle aged 1 .716 0.251 2.85 0.004 
No access to car 1 -2.495 0.457 -5.46 0.000 
Time 2 .637 0.217 2.94 0.003 
Safety 2 -.435 0.156 -2.78 0.005 
Convenience 2 .881 0.240 3.67 0.000 
Old 2 -.802 0.397 -2.02 0.043 
Convenience 3 .904 0.158 5.73 0.000 
Young 4 1.675 0.910 1.84 0.066 
Cost 5 .397 0.221 1.8 0.072 
Note: Significance at 1%, 5%, 10%. All attributes with no. 1 reflecting the effect of factors on 
choice of car. All attributes with no. 2, reflect the effect of factors on choice of bus. All 
attributes with no. 3 reflect the effect of factors on choice of train. All attributes with no. 4 
reflect the effect of factors on choice of bicycle. All attributes with no. 5 reflect the effect of 
factors on choice of ferry. 
5.2.3 Influence of factors on probability of choosing  transport modes (after flood) 
A multinomial logit model analysed the influence of factors on decision making in regard to 
preferred transportation modes after the Brisbane flood of 2011. 
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Table 5-13 reveals that there is a significant negative association between cost of 
transport and car mode selection. There was approximately -.526 decrease in figures which 
decrease the probability of choosing car as a transport mode when travel cost and expenses 
were important considerations. 
While ‘no other mode available’ had a positive effect on choosing car travel (as the 
most accessible alternative option for transiting from source to destination) after the flood, 
no access to their own car decreased the probability of choosing car travel (coefficient= 
3.19). The model showed that safety had a positive effect on car mode selection, increasing 
coefficient by almost .65.  
It is clear that as with the modelling of trends at other time periods, convenience was 
the priority, and bus and train were not considered suitable, as shown the decrease in 
probability. Additionally, analysis of the influence of socio-demographic factors after the 
flood indicated that young respondents were more likely to choose bus as their daily 
transfer mode, increasing the possibility of bus mode selection for younger respondants was 
seen. The last factor affecting bus as a transport choice was having no access to their own 
car, which had a positive impact (coefficient= 1.307) 
Compared to the car mode, choice of train was aligned with the perception that this 
was a cheaper type of transport (.368 increase in coefficient was shown). 
In regard to bicycle, time had a significant negative effect. When time was a major 
concern, the possibility of selecting bicycle for transport decreased. Two major factors that 
negatively affected the probability of selecting ferry as a transport mode were cost and 
socio-demographic characteristics. For middle aged participants, ferry was not a preferred 
transport mode after the flood, with a -1.318 decrease in coefficient.  
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Table  5-13 Multinomial logit after flood 
Overall goodness-of-fit         
Log likelihood= -476.00424; AIC=978.008, Significance level<.001, .005, .01; 
multinominal logistic   
Attributes Coefficient Standard error z Prob |z|>Z 
Constant 2.206 .50908 4.33 4.33 0 
Cost 1 -.526 0.14592 -3.6 0.000 
Safety 1 .649 0.125 5.19 0.000 
No other mode availabe1 2.943 0.501 5.88 0.000 
No access to car 1 -3.193 0.658 -4.85 0.000 
Convenience 2 -.381 0.115 -3.31 0.001 
Young 2 .546 0.310 1.76 1.760 
No access to car 2 1.307 0.393 3.33 0.001 
Cost 3 .368 0.202 1.82 0.069 
Convenience 3 -.686 0.178 -3.85 0.000 
Time 4 -.881 0.161 -5.47 0.000 
Cost 5 -.559 0.148 -3.76 0.000 
Middle age 5 -1.318 0.560 -2.35 0.019 
Note: Significance at 1%, 5%, 10%. All attributes with no. 1 reflect the effect of factors on car 
choice. All attributes with no. 2 reflect the effect of factors on bus choice. All attributes with no. 3 
reflect the effect of factors on train choice. All attributes with no. 4 reflect the effect of factors on 
bicycle choice. All attributes with no. 5 reflect the effect of factors on ferry choice. 
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6Chapter 6:  Conclusions 
 
With an online questionnaire, 550 complete responses were collected from a sample of 
participants which included any person older than 16 years who was to some extent affected 
by the ﬂood. Among these, 126 were so severely affected that they had to cancel their usual 
daily trips during the whole ﬂood period; thus, they were unable to respond to questions 
about their travel behavior during the ﬂood event. The average age of the respondents in 
this survey was 40.7. Gender and age were quite well distributed over the sample, which 
complied with the required sample size.This chapter presents the results of this research and 
summarises the answers to the research questions. 
 The first research question was: 
Which model is most suitable to model the data obtained from respondents about 
their traffic behaviour in response to an adverse climate event?  
Once the information was obtained from the respondents to each survey, the data was modelled. 
The data about travellers’ decision-making behaviour was analysed using discrete models to 
assess the importance of each factor to the respondents. STATA and NlOGIT Software were 
implemented to model the various factors.  
 In order to investigate the possible impacts of factors like time, cost, convenience, safety 
and socio-demographic features of respondents on their selection of primary modes of transport 
before, during and after the flood, a multinomial logit model was developed. The survey of 
variations in transportation mode aimed to test how preferences change when flood affects 
travel. Thus, for primary transport mode variations between two periods of time such as before 
and after the flood, a binominal logit model was implemented. Numerous models were 
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developed and the models that best showed and demonstrated the most reasonable combination 
of significant characteristics were chosen.  
 The second research question was: 
What factors affect people’s choice of transportation modes in times of flood and 
disasters?  
The event of the 2011 Brisbane flood was chosen for a case study of the flood’s impact on 
participants’ travel behaviour, and an empirical analysis of respondents’ survey data was 
developed. The main contribution of this study is to show the influence of people’s level of 
satisfaction regarding factors which play a significant role in the choice of transport mode at 
different stages of flood; further, the potential impact of these factors on travel behaviour 
has been modelled and explained. This is a significant contribution to this field, as the 
question has seldom been explored in the literature. The study’s main findings are 
summarised below. 
Although, during the flood, respondents’ attention to the safety factor as a reason for 
choosing their primary transport mode increased, after the flood this measure decreased to a 
similar level as before the flood. In comparison to other motivations, safety was not a 
significant factor in all periods. 
Additionally, convenience and comfort were the respondents’ main reasons for 
selecting their primary mode of travel at all stages. No access to other modes was an 
important reason for respondents choosing to use their own cars for daily transport from 
source to destination. 
It has been determined that, while cost had a significant negative impact on the 
probability of selecting car travel before and after the flood, safety and no other available 
mode showed a positive correlation with choice of car as a mode. Furthermore, when 
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controlling for the factors affecting the probability of using a car during the flood period, 
time, convenience and no access to other modes all played a significant positive role.  
In regard to bus as a mode of transport, the multinomial logit analysis revealed that 
in normal conditions before and after the Brisbane flood, convenience had a significant 
negative effect on bus choice. However, for both durations (before and after) people who 
did not own a private car preferred to use a bus among all public transport modes as their 
daily transport mode. In contrast, during the flood period, convenience and time had a 
positive influence on the probability of selecting bus as a transport mode; however, bus was 
not considered the safest mode of transport during the flood. 
When the influence of convenience on choice of train as a mode was controlled, the 
trend was similar to that shown for the choice of bus. When convenience was a crucial 
factor, it had a significant negative impact on choosing train travel before and after the 
flood. 
The third research question was: 
Did socio-demographic features (such as gender and age) affect the choice of 
transport modes before, during and after the flood?  
As reported in the literature, socio-demographic features have been found to have a significant 
impact on people’s choice of transport modes. For the survey sample in this study, age played a 
significant role in choosing transport modes, while gender had no significant impact on decision 
making. Although on normal occasions (before and after the flood), young respondents in our 
survey tended to choose bus as their daily transport mode, the only age group that chose bicycle 
under the abnormal and harsh weather conditions of the Brisbane flood was the younger 
generation  
. 
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The conclusions shows that middle aged respondents showed more preference for using 
a car, their own vehicle, during the Brisbane flood of 2011. This may be because of the 
flexibility and reliability that they found in this mode of travel. Older participants expressed a 
lack of trust in bus travel as their selected mode during the flood because of all the damage and 
loss of function that happened to public transport networks at the time of the flood. The analysis 
shows that middle-aged and older participants were less willing to use bicycles before the flood, 
and for older people the flood had a significant negative influence on the choice of bicycle as a 
mode.  
 
To what extent did people change their usual transportation modes before, during 
and after the flood?  
The binomial logit model was used to analyse transport mode changes between two 
specific periods of time. The study’s focus on change in levels of satisfaction and the influence 
of defined factors on the probability of transport mode changes before and during the flood 
demonstrated that socio-demographic factors, in particular age, had a significant correlation 
with mode changes. Young respondents expressed a stronger attachment to their previous mode 
of choice. However, a significant association was found for the convenience factor. When 
convenience was important for respondents impacted by the flood, there was a significant trend 
to changing the primary mode of travel. 
On the other hand, analysis of preferences during and after the flood period showed that 
the age of respondents influenced their changes in transportation mode. More specifically, while 
for young respondents strong intention to change the mode was witnessed, middle aged 
respondents showed only a marginal intention to change their primary selected mode after flood 
As reported in the literature, time has been found to be a significant positive factor that affects 
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mode change, which is not surprising, because respondents’ focus was to minimise travel time 
after the flood.  
Finally, among the factors that influenced change of travel mode before and after the 
flood, cost had a negative impact. It is apparent from the survey that, despite all the attempts to 
improve the public transport network in Brisbane, respondents were restricted in their choice of 
daily transport modes, and there is need for improvement in the level and distribution of 
services. The binary logit analysis of travel choices before and after the flood showed a 
significant association with lack of access to other modes of transport.  
The findings of this study enrich understanding of the impact of natural disasters on 
travel behaviour, which is an area of high importance that is currently given insufficient 
consideration and coverage in the literature, primarily due to data limitations. 
More specifically, insights into people’s perceptions of the factors which influenced 
their choice of transport mode and variations in their travel behaviour can inform the design of 
more effective public transport network for travellers, and more effective traffic management 
schemes. 
The conclusions formed from analyis of data in this study are based on the 2011 
Brisbane flood; whether they can be generalised to other types of disasters needs further 
study,meanwhile, as suffered by most studies relying on statistical techniques, causation 
between perceived importance of travel/traffic information and behavioural changes needs to be 
verified. 
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